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Abstrac t 

How does working within a unified theory of cog-
nitio n -  a n architectur e -  provid e usefu l  constrain t 
when modelin g larg e timescal e tasks ,  wher e per -
formanc e I s primaril y determine d b y knowledge , 
rathe r  tha n th e architecture' s basi c mechanisms ? 
We presen t  a  methodolog y fo r  extractin g th e con -
strain t  tha t  come s fro m th e architecture ,  b y de -
rivin g a  se t  o f  architectura l  entailment s whic h aS -
for d certed n mode l  propertie s ove r  others .  T h e 
methodolog y allow s u s t o fzicto r  th e effec t  tha t 
variou s architectura l  propertie s hav e o n a  model . 
We demonstrat e th e methodolog y wit h a  cas e 
study :  a  mode l  o f  learnin g procedure s fro m nat -
ura l  languag e instructions ,  Instructo-Soar ,  withi n 
th e Soa r  architecture . 

Introduction 

W h en constructin g a  mode l  o f  huma n behavior ,  on e i s 
confronte d wit h a  multitud e o f  desig n decisions .  Ove r 
th e cours e o f  Alle n Newell' s  career ,  a  resoundin g them e 
was th e usefu l  constrain t  a  unifie d theor y o f  cognitio n 
( U T C )  offer s i n designin g cognitiv e models .  A  U T C , 
ji s  embodie d i n th e for m o f  a n architecture ,  posit s a 
set  o f  mechanism s capabl e o f  supportin g intelligen t  be -
havior .  B y constructin g a  mode l  withi n a  U T C ,  w e 
restric t  ourselve s t o design s consisten t  wit h th e archi -
tecture' s properties .  Thi s constrain t  i s  usefu l  becaus e 
i t  produce s model s base d o n principle s tha t  ar e glob -
all y motivate d b y a  broa d rang e o f  cognitiv e behavio r 
an d phenomena .  Sinc e model s ar e base d o n a  consis -
ten t  .̂e t  o f  underlyin g mechanisms ,  modelin g withi n a 
U T C als o facilitate s th e integratio n o f  model s t o cove r 
a large r  rang e o f  behavior . 

T h e constrain t  provide d b y a  U T C i s mos t  eviden t 
fo r  task s a t  lo w timescales .  Fo r  thes e tasks ,  behavio r  i s 
strongl y determine d b y th e architectur e itself .  Thi s i s 
becaus e ther e i s no t  enoug h tim e fo r  mor e tha n a  smal l 
number  o f  application s o f  th e architecture' s primitiv e 
mechanisms .  However ,  a s th e timescal e increases ,  t o 
th e leve l  o f  minute s o r  hour s fo r  tas k performance ,  be -
havio r  i s determine d mor e an d mor e b y a n intelligen t 

agent' s knowledge .  Thi s i s  Newell' s  intendedl y ratio -
nal  ban d [Newell ,  1990] ,  i n whic h th e agen t  move s to -
ward s approximatin g a  pur e knowledge-leve l  system . 
Th e larg e timescal e allow s th e agen t  t o retrieve ,  com -
pose ,  an d appl y relevan t  knowledg e t o reac h it s goal s 
withi n th e curren t  tas k environment .  Becaus e o f  th e 
distanc e i n timescale s betwee n th e knowledg e leve l  an d 
an architecture' s primitiv e mechanisms ,  i t  i s  les s evi -
den t  ho w a  U T C constrain s th e desig n o f  model s fo r 
behavio r  a t  thes e highe r  timescales .  Th e questio n the n 
is ,  "Wha t  constraint s doe s a  U T C offe r  i n designin g a 
model  o f  knowledge-leve l  behavior? "  an d "Ho w ca n w e 
rea p thes e constraints? " 

We focu s ou r  attac k o n thi s questio n b y considerin g 
knowledge-leve l  capabilitie s (KLC's) .  Thes e ar e capa -
bilitie s tha t  a n agen t  ca n appl y o n man y differen t  tasks , 
tha t  occu r  ove r  larg e timescale s (minute s o r  longer) , 
an d whos e performanc e i s primaril y determine d b y th e 
agent' s knowledge .  Example s includ e planning ,  experi -
mentatio n i n th e environment ,  comple x analogica l  rea -
soning ,  an d learnin g fro m instruction .  Thes e ar e no t 
primitiv e architectura l  capabilities ,  becaus e thei r  prop -
ertie s ar e determine d b y no t  onl y th e architectur e an d 
th e task ,  bu t  als o th e agent' s knowledge . 

I n thi s paper ,  w e presen t  a  methodolog y fo r  devel -
opin g K L C model s withi n th e confine s o f  a  U T C .  Th e 
methodolog y utilize s architectura l  entailment s derive d 
fro m th e architecture' s basi c mechanism s an d proper -
ties .  Th e UTC' s entailments ,  togethe r  wit h th e con -
straint s o f  performanc e require d b y th e task ,  an d hu -
m an behavior ,  powerfull y guid e th e developmen t  o f  a 
K L C model .  W e illustrat e th e methodolog y wit h a  cas e 
study ,  detailin g a  particula r  K L C (th e learnin g o f  pro -
cedure s fro m natura l  languag e instructions )  withi n a 
particula r  U T C (Soar) .  Th e cas e stud y demonstrate s 
th e type s o f  constraint s tha t  ca n b e derive d fro m a 
U T C,  an d ho w the y lea d t o K L C mode l  properties . 

A Methodology for KLC modeling 

The methodolog y o f  modelin g KLC' s withi n a  UT C 
allow s fo r  constrain t  fro m thre e sources :  (1 )  functiona l 
and agenc y constraint s o n tas k performance ,  (2 )  archi -
tectura l  entailments ,  an d (3 )  huma n behaviora l  data . 

114 

mailto:hufFman@engin.umich.edu


We describ e eac h o f  thes e i n turn . 

Constraints on task performance 

I n additio n t o simpl y bein g abl e t o perfor m th e task s 
associate d wit h a  KLC ,  buildin g model s withi n a  U T C 
adds tw o additiona l  constraint s o n ho w performanc e 
can b e modeled :  agenthoo d an d functionality . 

Firstly ,  a  K L C mus t  b e define d wit h a n ey e toward s 
futur e integratio n int o a  complet e cognitiv e agent . 
Thi s vie w rule s ou t  model s tha t  violat e th e genera l 
requirement s o f  agenthood ;  fo r  instance ,  tha t  a n agen t 
be continuall y receptiv e t o it s  environment ,  eve n whil e 
performin g comple x cognitiv e tasks . 

Secondly ,  element s o f  th e mode l  shoul d no t  exis t 
simpl y t o mimi c huma n behaviora l  data .  Rather ,  ev -
er y elemen t  shoul d contribut e t o th e agent' s perfor -
mance;  tha t  is ,  th e mode l  shoul d b e functional .  Non -
functionalitie s represen t  technologica l  limitation s o f 
th e brain .  Sinc e suc h non-functionalitie s impac t  a  wid e 
rang e o f  tasks ,  the y shoul d no t  appea r  i n model s o f  par -
ticula r  tasks ,  bu t  shoul d b e a  par t  o f  th e architecture . 

Architectural entailments 

Architectura l  entailment s ar e ramification s o f  th e com -
bine d architectura l  component s tha t  defin e th e UTC . 
For  example ,  a n architectura l  entailmen t  migh t  b e 
whethe r  o r  no t  long-ter m memor y i s directl y exam -
inable .  The y determin e whic h techniques ,  structures , 
etc. ,  ar e mos t  "natural "  withi n th e architecture .  Mod -
el s tha t  ar e mos t  afforde d b y th e entailment s ar e pre -
ferred .  A s Newel l  put s it :  "Ther e ar e man y way s fo r 
Soar  to...d o an y [intendedl y rational ]  task .  A  natura l 
way i s on e tha t  involve s littl e additiona l  knowledg e an d 
littl e computationa l  apparatu s an d indirection...On e o f 
th e genera l  argument s fo r  th e importanc e o f  gettin g th e 
architectur e right ,  eve n thoug h i t  appear s t o reced e a s 
th e tim e scal e increases ,  i s tha t  doin g wha t  i s natura l 
withi n th e architectur e wil l  ten d t o b e th e wa y human s 
actuall y d o a  task. "  [Newell ,  1990 ,  p .  416-17 ] 

Human behavior data 

Ideally ,  w e woul d lik e t o produc e operationa l  model s 
tha t  reproduc e huma n behavior .  Unfortunately ,  hu -
man dat a i s strongl y colore d b y subjects '  prio r  knowl -
edge,  especiall y fo r  knowledge-leve l  capabilities .  T o re -
produc e th e behavio r  correctly ,  a  simulatio n mus t  hav e 
not  onl y th e righ t  mode l  o f  tas k performance ,  bu t  als o 
th e righ t  prio r  knowledge . 

One strateg y fo r  deedin g wit h prio r  knowledg e ef -
fect s i s t o choos e version s o f  task s tha t  minimiz e prio r 
knowledge .  Fo r  example ,  concep t  learnin g i s ofte n 
studie d wit h novel ,  artificia l  concepts ,  proble m solv -
in g wit h puzzles ,  an d memor y wit h nonsens e syllables . 
However ,  fo r  broa d task s tha t  requir e th e integratio n o f 
variou s type s o f  knowledge ,  i t  ca n b e difficul t  t o obtai n 
dat a minimall y affecte d b y prio r  knowledge . 

A secon d strateg y fo r  dealin g wit h prio r  knowledg e i s 
t o structur e th e mode l  s o tha t  prio r  knowledg e ca n b e a 

paramete r  t o th e model .  A  Soa r  mode l  o f  cryptarith -
meti c [Newell ,  1990 ]  provide s a n extrem e exampl e o f 
this .  I n thi s model ,  th e result s o f  subjects '  performanc e 
of  particula r  sub-operations ,  suc h a s choosin g th e nex t 
digi t  t o assig n t o a  letter ,  ar e take n directl y fro m proto -
col  dat a (i.e. ,  parameterized) .  Thus ,  th e Soa r  mode l  re -
produce s th e searc h behavio r  o f  th e subject s i n detail , 
but  doe s no t  mode l  ho w th e sub-operator s ar e carrie d 
out  onc e selected .  Newel l  point s ou t  tha t  "thi s allow s 
us t o tes t  th e uppe r  level s withou t  th e lowe r  levels ,  th e 
conceptua l  advantag e bein g t o facto r  ou t  th e influence s 
of  th e lowe r  level s b y desig n beforehand ,  rathe r  tha n 
by analysi s fro m th e tota l  simulatio n record "  [Newell , 
1990 ,  p .  376] .  Withi n a  UTC-base d mode l  o f  a  par -
ticula r  task ,  parameter s shoul d b e a t  th e knowledg e 
level ,  involvin g th e presenc e (o r  absence )  o f  knowledge . 
Othe r  type s o f  parameters ,  affectin g th e applicatio n o f 
knowledg e b y th e architecture ,  ar e a t  th e architectura l 
level ,  an d shoul d affec t  al l  tasks . 

Soar's architectural entailments 

Soar' s entailment s deriv e fro m it s basi c properties . 

Basic properties of Soar 

Followin g Newel l  [1990 ,  p .  160] ,  w e ca n describ e Soa r 
as havin g si x basi c properties : 

1.  Proble m space s represen t  al l  teisks . 
2.  Production s fo r  long-ter m memory .  Al l  long -

ter m knowledg e i s store d i n associativ e productions , 
includin g searc h control ,  operato r  applicatio n knowl -
edge ,  an d semanti c an d episodi c knowledge . 

3.  Attribute/valu e representation .  Al l  declarativ e 
structure s i n workin g memor y ar e represente d a s at -
tribute/values . 

4.  Preference-base d decisio n procedure .  Pro -
duction s produc e symboli c preference s fo r  workin g 
memory elements ,  includin g proble m spax;es ,  states , 
operators ,  an d substructure s o f  thes e objects .  Th e 
decisio n procedur e interpret s th e preference s t o se -
lec t  appropriat e value s fo r  workin g memory . 

5.  Impasse-base d automati c subgoaling .  Subgoal s 
ar e create d automaticall y i n respons e t o th e inabilit y 
t o mak e progres s o n a  problem . 

6.  Chunkin g base d learning .  Chunkin g produce s a 
new productio n wheneve r  a  resul t  i s  create d durin g 
processin g i n a  subgoal .  Th e ne w production ,  o r 
chunk ,  summarize s th e resul t  o f  processin g withi n 
th e subgoal ;  i n futur e execution s o f  relate d tasks , 
chunk s wil l  fire,  avoidin g th e subgoal . 

Entailments of Soar 

Startin g fro m Newell' s  characterizatio n o f  Soa r  [1990 , 
pp.  227-30] ,  w e hav e create d a  lis t  o f  Soar' s entail -
ments ,  broke n int o fou r  categories :  behavior ,  knowl -
edge,  long-ter m memory ,  an d learning .  Thi s i s no t 
an exhaustiv e list ,  bu t  include s entailment s tha t  affec t 
our  cas e stud y o f  th e nex t  section .  Number s i n brack -
et s afte r  eac h entr y indicat e th e propertie s o f  Soa r  (i n 
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th e lis t  above )  tha t  th e entailmen t  derive s from .  Th e 
dependencie s ar e show n graphicall y i n Figur e 1 . 

• Behavior. 

1. Goal oriented. Soar creates its own goals whenever 
i t  doe s no t  kno w ho w t o procee d [1,5] . 

2.  Interrup t  driven .  Al l  production s ar e bein g 
matche d continuously ,  an d brin g t o bea r  what -
eve r  knowledg e i s appropriat e t o th e curren t  sit -
uation .  T h e preference-base d decisio n proces s al -
low s knowledg e t o indicat e tha t  a  mor e importan t 
cours e o f  actio n tha n th e curren t  cours e shoul d b e 
followed .  Impasse-drive n subgoal s base d o n th e 
ol d cours e o f  actio n ar e terminate d whe n a n alter -
nativ e cours e o f  actio n i s selected .  [2,4,5] . 

3.  Seria l  applicatio n o f  discrete ,  deliberat e operators . 
A singl e operato r  i s  selecte d an d applie d a t  a  tim e 
withi n eac h goal .  [1,4 ] 

4.  Continua l  shif t  t o recognitiona l  (impasse-free ) 
performance .  Wheneve r  a n impass e i s resolved , 
chunk s air e learne d tha t  allo w th e impass e t o b e 
avoide d i n th e future .  Thes e chunk s implemen t 
recognitiona l  performanc e -  the y simpl y recogniz e 
th e situatio n an d ac t  appropriately ,  withou t  re -
quirin g furthe r  deliberatio n (i.e .  subgoals) .  [5,6 ] 

• Knowledge. 

5.  Al l  knowledg e i s relate d t o problem-spac e struc -
tures :  proble m spaces ,  states ,  an d operators .  [1 ] 

6.  Us e o f  a n indefinitel y larg e bod y o f  knowledge . 
Soar  ca n us e larg e amount s o f  knowledg e becaus e 
of  th e structurin g o f  knowledg e a s individua l  pro -
ductions ,  an d th e factorin g o f  tha t  knowledg e int o 
multipl e proble m spaces .  [1,2 ] 

7.  Abilit y  t o detec t  a  lac k o f  knowledge .  Impasse s 
ar e detecte d architecturally ,  an d indicat e a  lau: k o f 
knowledg e t o m a k e a  decision .  [4,5 ] 

• Long-term memory. 

8.  Associative ,  recognitiona l  long-ter m memory . 
Production s for m a n associativ e long-ter m m e m-
ory .  Knowledg e i s recalle d onl y whe n appropriat e 
retrieva l  cue s appea r  i n workin g memory .  [2 ] 

9.  Impenetrabl e long-ter m memory .  Th e produc -
tion s i n long-ter m m e m o r y canno t  b e examine d b y 
th e agent ,  fo r  instanc e b y bein g teste d b y othe r 
productions .  Thus ,  th e agen t  i s no t  full y  awar e 
of  wha t  i s i n it s long-ter m memory ;  acces s i s onl y 
gaine d throug h workin g m e m o r y retrieva l  cues .  [2 ] 

•  Learning . 

10. Learning determined by performance. The chunks 
tha t  ar e learne d ar e directl y dependen t  o n th e pro -
cessin g tha t  tadce s plac e i n a  subgoa l  t o produc e a 
result .  I n particular ,  th e generalit y (transferabil -
ity )  o f  chunk s i s dependen t  o n th e generalit y o f 
th e proble m solvin g i n th e subgoal .  [5,6 ] 

11.  Learnin g base d o n prio r  knowledge .  Sinc e learnin g 
i s dependen t  o n performance ,  an d performanc e i s 
dependen t  o n th e agent' s existin g knowledge ,  i t 
follow s tha t  wha t  i s learne d depend s criticall y o n 
th e agent' s preexistin g knowledge .  [5,6 ] 

12.  Impenetrabl e learnin g process .  Th e chunkin g pro -
ces s i s impenetrabl e t o th e agent ;  i t  canno t  lear n 
t o alte r  it s  architectura l  learnin g process. ^  [6 ] 

13.  Monotoni c learning .  Production s ar e neve r  re -
moved fro m long-ter m memory ;  onc e learned , 
chunk s canno t  b e forgotten .  However ,  thei r  ef -
fect s ca n b e overridde n b y othe r  chunk s t o recove r 
fro m incorrec t  learnin g [Laird ,  1988] .  [2,4,6 ] 

14.  Routin e learning .  Chunkin g i s par t  o f  th e rou -
tin e performanc e o f  th e agent ,  rathe r  tha n a  spe -
cia l  proces s tha t  i s  deliberatel y invoke d b y th e 
agent .  Thus ,  th e decisio n t o lear n i s no t  unde r  th e 
agent' s contro l  (excep t  indirectl y a s th e agen t  de -
cide s whe n t o retur n result s fro m subgoals) .  [5,6 ] 

Instructo-Soar: A case study 

T o demonstrat e th e methodolog y o f  UTC-base d K L C 
model  building ,  w e presen t  a  cas e study .  W e concen -
trat e o n th e effec t  o f  architectura l  entailments ,  sinc e 
tha t  constrain t  i s  uniqu e t o UTC-base d modeling .  Th e 
K L C i s th e learnin g o f  procedure s fro m interactive ,  sit -
uate d natura l  languag e instructions .  Interactiv e mean s 
tha t  th e studen t  request s instructio n whe n i t  i s  needed ; 
situate d mean s tha t  th e studen t  i s withi n th e tas k 
domain ,  attemptin g t o perfor m tasks ,  durin g th e in -
structio n episode .  T h e mode l  i s embodie d i n a  sys -
tem ,  Instructo-Soar ,  whic h ha s bee n describe d else -
wher e [Huffma n an d Laird ,  1993] .  Instruction s ar e 
give n t o Instructo-Soa r  i n natura l  languag e sentences , 
requeste d wheneve r  ther e i s a n impass e i n tas k perfor -
mance.  Th e syste m ca n lear n completel y ne w proce -
dures ,  learnin g bot h th e goa l  concep t  (wha t  i t  mean s 
t o successfull y perfor m th e procedure )  an d ho w t o per -
for m th e procedure .  Th e syste m als o learn s t o exten d 
know n procedure s t o ne w situations .  Thi s i s a  K L C 
becaus e th e tas k take s o n th e orde r  o f  minutes ,  an d a 
subject' s knowledg e -  o f  natura l  language ,  o f  th e tas k 
domain ,  o f  th e mappin g betwee n them ,  an d o f  learnin g 
strategie s -  primaril y determine s performance . 

Althoug h situated ,  interactiv e instructio n ha s bee n 
shown t o b e highl y effectiv e [Bloom ,  1984] ,  ther e hav e 
not  bee n m a n y studie s o f  learnin g effect s durin g thi s 
typ e o f  instruction .  Mos t  studie s o f  instructio n hav e 
eithe r  focusse d o n broa d instructiona l  strategies ,  o r  o n 
th e effec t  o f  linguisti c for m o f  individua l  instruction s 
(se e [Bovai r  an d Kieras ,  1990 ;  Single y an d Anderson , 
1989 ]  fo r  reviews) .  I t  ha s bee n show n tha t  subject s 

'However ,  sinc e learnin g i s dependen t  o n performanc e 
and knowledge ,  chunkin g ca n for m th e basi s fo r  man y dif -
feren t  learnin g strategie s (e.g. ,  induction ,  aniJogica l  learn -
ing ,  abstraction ,  etc.) .  Thes e strategie s ar e essentiall y 
KLC' s tha t  ar e mediate d b y knowledg e an d ca n b e learned . 
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Archi tectura l  Propert ie s o f  S o a r 
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Associative,  recognitional LTM 

Impenetrable  LTM 
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Learning  biased on prior knowledge 

Impenetrable  learning process 

Monotonic  learning 
Routine  learning 

M o d e l  p r o p e n i e s o f  I ns t ruc to -Soa r 

Interactive  inslnjcuon requests [ 
Form of initial, episodic memory . 

i n L T M I  I 
1 1 

effortfu l  reconstructio n o f  recal l  |  j 
higti  speciricity I ( 
factored  representation j , 
lock-step  sequencing j j 
Experiential, situated learning ( 
Form of final teaming' , 

i n L T M I  I 
1 I 

operator-base d organizatio n |  i 
state  conditionality , 
generality  , 
aulomaticity  [ 

Increasing  task knowledge 1 

Figur e 1 :  H o w th e entailment s o f  Soa r  aris e an d aflfec t  a  K L C model . 

lear n bette r  whe n the y hav e mor e prio r  knowledg e o f 
th e domai n [Kiera s an d Bovair ,  1984] ,  whic h ou r  mode l 
predicts .  Also ,  subject s learnin g fro m worked-ou t  ex -
ample s lear n mor e genera l  knowledg e whe n the y at -
temp t  t o explai n eac h ste p o f  th e exampl e (th e self -
explanatio n effec t  [Ch i  e i  ai ,  1989]) .  Althoug h no t 
interactiv e instructions ,  th e worked-ou t  example s pro -
vid e a  simila r  kin d o f  informatio n t o th e student . 

The Instructo-Soar model exhibits two stages of 
learnin g behavio r  i n learnin g a  ne w procedure .  Initia l 
learnin g i s rot e an d episodi c i n nature ,  an d exhibit s 
lo w transfer .  Late r  execution s resul t  i n hig h trans -
fer ,  genera l  learning ,  base d o n a n explanatio n process . 
Whenever  th e agen t  i s give n a n instructio n (o r  recall s 
one i t  wa s give n i n th e past) ,  i t  attempt s t o explai n 
t o itsel f  wh y tha t  instructio n lead s t o achievemen t  o f 
it s  curren t  goals .  Thi s explanatio n take s th e for m o f 
an interna l  simulatio n o f  th e instructe d actio n -  th e 
agen t  ask s "Wha t  woul d happe n i f  I  di d that? "  I f  thi s 
interna l  simulatio n result s i n successfu l  goa l  achieve -
ment  (o r  failur e i f  th e instructio n i s t o avoi d a n action) , 
the n Instructo-Soa r  ca n lear n a  genera l  rul e capturin g 
th e ke y condition s unde r  whic h th e instructe d actio n 
applies .  A  simila r  "learnin g b y (simulated )  doing "  pro -
ces s applie s whe n th e agen t  i s give n a n instructio n tha t 
applie s i n a  hypothetica l  situation ;  fo r  instance ,  a  con -
ditional ,  suc h a s "I f  th e ligh t  i s  on ,  pus h th e button. " 
I n suc h cases ,  th e agen t  first  create s a  hypothetica l 
stat e (e.g. ,  on e wit h th e ligh t  on) ,  an d the n simulate s 
th e instructe d action ,  attemptin g t o understan d wh y 
i t  lead s t o achievin g th e agent' s goals . 

Next, we examine each of the major properties of the 
model  an d indicat e ho w the y deriv e fro m architectura l 
entailments .  Th e goa l  i s  t o sho w ho w th e entailment s 
hav e impacte d th e model ,  thu s revealin g th e effec t  o f 
developin g th e mode l  withi n Soar ,  ou r  U T C . 

Interactiv e instructio n requests . 

Th e agen t  ask s fo r  instructio n wheneve r  it s availabl e 
knowledg e i s insufficien t  t o reac h it s goals .  I t  ca n d o 
thi s becaus e i t  i s goa l  oriente d (entailmen t  1) ,  an d ca n 
detec t  it s  lac k o f  knowledg e (entailmen t  7) . 

Form of initial, episodic instruction 

learning . 

As a  sid e effec t  o f  natura l  languag e comprehensio n 
when initiall y  readin g th e instruction s fo r  a  ne w pro -
cedure ,  th e agen t  learn s a  se t  o f  chunk s whic h provide s 
an episodi c m e m o r y o f  th e instructions .  Thi s m e m o r y 
has th e followin g characteristics : 

•  L o n g t e r m m e m o r y .  Th e episod e i s encode d a s 
a se t  o f  production s i n Soar' s lon g ter m m e m o r y 
(entailmen t  8) .  Thus ,  instructio n sequence s ar e re -
membered withou t  a n unrealisti c loa d o n shor t  ter m 
memory,  an d instruction s ar e no t  forgotte n (entail -
ment  13) . 

•  Recognitiona l  m e m o r y ;  effortfu l  reconstruc -
tio n fo r  recall .  T h e episod e i s encode d a s a  se t  o f 
recognitio n rules ,  i n whic h th e feature s  o f  th e instruc -
tio n t o b e recalle d mak e u p th e conditions ,  rathe r 
tha n th e actions ,  o f  eac h chunk .  Recognitio n i s th e 
basi c for m o f  long-ter m m e m o r y (entailmen t  8) ,  an d 
processin g impasse s result s i n recognitiona l  learnin g 
(entailmen t  4) ;  her e a s a  side-effec t  o f  natura l  lan -
guag e comprehensio n (entailmen t  14) .  T h e chunk s 
ar e recognitiona l  rathe r  tha n recal l  rules ,  becaus e 
th e condition s i n chunk s ar e dependen t  o n th e be -
havio r  i n th e subgoa l  the y ar e produce d fro m (entail -
ment  10) ;  an d i n thi s case ,  th e behavio r  (languag e 
comprehensio n referen t  resolution )  i s dependen t  o n 
th e semanti c feature s o f  th e instruction .  T o recal l 
part s o f  th e instructio n episode ,  th e syste m mus t 
deliberatel y reconstruc t  feature s o f  th e episode ,  t o 
be recognize d b y thes e rules .  Thi s i s becaus e th e 
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agen t  canno t  simpl y inspec t  th e content s o f  long -
ter m memor y (entailmen t  9) ;  i t  mus t  b e accesse d b y 
placin g recal l  cue s i n workin g memory . 

•  H i g h Specificity .  Eac h instructio n i s indexe d b y 
th e exac t  goa l  i t  applie s t o (e.g. ,  pickin g u p th e 
re d bloc k rbl) ;  similarly ,  th e exac t  instructio n give n 
i s encode d (e.g. ,  movin g t o th e yello w tabl e ytl) . 
Learnin g i s base d o n performanc e (entailmen t  10) , 
an d her e th e performanc e include s referrin g t o th e 
goal  an d instructio n features .  Usin g thi s perfor -
mance,  however ,  wa s no t  constraine d b y entailment s 
but  b y tas k performanc e demands . 

•  Factore d representation .  Ther e ar e separat e 
recognitio n chunk s fo r  eac h semanti c featur e o f  eac h 
instruction .  Th e chunk s ar e leau-ne d fo r  th e purpos e 
of  resolvin g futur e natura l  languag e referents ,  an d 
thi s require s independen t  acces s t o eac h featur e (e.g. , 
afte r  readin g "th e re d block" ,  yo u m a y rea d "th e re d 
one "  an d nee d t o recove r  th e referen t  fro m onl y it s 
colo r  feature) .  Thi s behavio r  require s a  se t  o f  in -
dividua l  featur e chunk s becaus e long-ter m memor y 
canno t  b e examine d (entsulmen t  9) ;  thus ,  w e canno t 
simpl y memoriz e a  monolithi c semanti c structure . 

•  Lock-ste p sequencing .  Instruction s ar e sequence d 
by bein g chaine d on e t o th e next ,  instea d o f  indexe d 
by th e situation s the y shoul d appl y in .  Learnin g i s 
performanc e base d (entailmen t  10) ,  an d th e perfor -
mance o f  readin g th e instruction s doe s no t  depen d 
on th e instructe d action' s situation s o f  applicability . 

Experiential, situated learning method. 

By internall y simulatin g instructe d actions ,  th e agen t 
learn s genera l  rule s tha t  propos e th e action s directl y 
when the y wil l  allo w a  goa l  t o b e reached .  Thi s expe -
rientia l  learnin g metho d i s afforde d becaus e learnin g 
i s base d o n performanc e (entailmen t  10 )  an d i s im -
pacte d b y prio r  knowledg e (entailmen t  11) .  Thu s th e 
"natural "  wa y fo r  a  Soa r  syste m t o lear n abou t  tas k 
performanc e i s t o perfor m th e tas k itsel f  (thu s mak -
in g maxima l  us e o f  th e tas k domai n knowledg e i t  al -
read y has )  -  here ,  internally ,  i n cas e th e tas k canno t 
be completed .  Ther e ar e alternatives ;  fo r  example ,  rea -
sonin g directl y i n th e spac e o f  possibl e conditio n set s 
abou t  th e condition s unde r  whic h instructe d action s 
migh t  apply .  However ,  an y suc h metho d woul d re -
quir e addin g additiona l  knowledg e t o Soa r  (abou t  con -
ditions ,  conditio n sets ,  ho w t o searc h tha t  space ,  etc.) . 
I n addition ,  i t  woul d b e difRcul t  t o lear n chunk s wit h 
exjictl y  th e desire d conditions ,  sinc e th e chunkin g pro -
ces s i s impenetrabl e (entailmen t  12 )  -  a n agen t  canno t 
simpl y sa y "no w I'l l  ad d a  chun k t o m y memor y wit h 
th e followin g condition s an d actions. " 

Form of final, general learning. 

T h e experiential ,  situate d learnin g metho d allow s 
Instructo-Soa r  t o lear n th e procedur e i n a  genera l  form . 
For  example ,  whe n learnin g t o pic k u p a  block ,  th e 

agen t  learn s t o mov e t o th e tabl e th e bloc k i s sittin g 
on ,  i f  no t  currentl y docke d a t  tha t  table .  Thi s learnin g 
bot h generalize s th e initia l  instructio n (th e colo r  o f  th e 
tabl e wa s specifie d i n th e instruction )  an d specialize s 
i t  (b y addin g th e conditio n tha t  th e bloc k b e o n th e ta -
ble ,  whic h wa s no t  indicate d i n th e instruction) .  Thi s 
fina l  learnin g ha s th e followin g characteristics : 

•  L o n g te r m m e m o r y .  Rule s implementin g a  pro -
cedur e ar e encode d a s production s (entailmen t  8) . 

•  Operator-base d organization .  Action s an d pro -
cedure s ar e encode d a s individua l  operators ;  th e 
agen t  learn s whe n t o selec t  thes e operators ,  ho w t o 
achiev e them ,  an d ho w t o recogniz e thei r  achieve -
ment  (entailment s 3  an d 6) . 

•  Stat e conditionality .  Eac h operato r  proposa l  rul e 
i s directl y conditiona l  o n relevan t  feature s o f  th e cur -
ren t  worl d state .  Thi s i s becaus e learnin g i s deter -
mine d b y performanc e (entailmen t  10) ;  here ,  a n in -
terna l  performanc e o f  th e instructe d operato r  fro m a 
particula r  state .  Th e implementatio n display s reac -
tivity ,  sinc e i f  th e worl d stat e unexpectedl y changes , 
rule s proposin g th e nex t  operato r  t o perfor m wil l 
matc h o r  mismatc h accordingl y (entailmen t  2) . 

•  Generality .  Th e feature s i n eac h proposa l  rul e ar e 
onl y thos e require d fo t  successfull y reachin g th e goal . 
Thi s i s becaus e learnin g i s determine d b y perfor -
mance (entailmen t  10 )  -  here ,  goa l  achievemen t  -
and prio r  knowledg e (entailmen t  11 )  -  here ,  knowl -
edg e o f  ho w t o simulat e th e basi c operators . 

•  Automaticity .  Th e learne d rule s mov e th e syste m 
t o recognitiona l  performanc e (entailmen t  4) .  N o ef -
for t  i s  require d t o recal l  instructe d operators ,  a s i t 
i s  fo r  th e rot e initia l  learning . 

Monotonically increasing task knowledge 

Ther e i s n o structura l  limi t  o n th e amoun t  o f  tas k 
knowledg e th e agen t  ca n acquir e fro m instructio n (en -
tailmen t  6) .  N o forgettin g o r  symbol-leve l  interferenc e 
wil l  occur ;  tha t  is ,  th e learnin g o f  ne w production s wil l 
not  overwrit e ol d one s (entailmen t  13) .  Interferenc e 
m ay occu r  a t  th e knowledg e level ;  production s ma y 
brin g conflictin g knowledg e t o bea r  o n th e task .  Thi s 
indicate s tha t  ther e i s a n actua l  conflic t  i n th e agent' s 
knowledg e (e.g. ,  perhap s th e instructo r  ha s give n in -
struction s tha t  conflict) . 

Analyzing the UTC's effect 

Figur e 1  summarize s th e relationshi p betwee n th e 
propertie s o f  Soar ,  th e entailment s the y giv e ris e to , 
an d propertie s o f  th e Instructo-Soa r  model .  I n essence , 
thi s figure  factor s th e effect s o f  eac h U T C propert y 
and entailmen t  o n th e model .  I t  give s a  detaile d an -
swer  t o th e questio n o f  ho w th e us e o f  th e U T C affect s 
th e model .  I n addition ,  w e ca n no w mak e argument s 
abou t  wha t  effec t  changin g individua l  propertie s o f  th e 
architectur e m a y hav e o n th e model . 

Entailment s provid e a n intermediat e leve l  o f  gran -
ularit y t o compar e architecture s at .  Wher e anothe r 
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architecture' s entailment s differ ,  th e figure  indicate s 
whic h mode l  propertie s ar e affected .  Fo r  instance , 
A C T*  [Anderson ,  1983 ]  ha s a  declarativ e long-ter m 
memory i n additio n t o a  productio n memory .  Thi s en -
tail s a  full y  penetrable ,  non-associativ e memory ,  tha t 
coul d b e use d t o stor e instruction s a s the y ar c read . 
Fro m ou r  analysis ,  th e associativ e an d impenetrabl e 
natur e o f  Soar' s long-ter m memor y affect s Instructo -
Soar' s for m o f  initial ,  episodi c learnin g i n thre e ways : 
(1 )  th e episod e i s i n long-ter m memory ,  (2 )  i t  require s 
reconstructio n fo r  recall ,  an d (3 )  i t  i s  encode d i n mul -
tipl e production s tha t  facto r  th e instructio n features . 
I n A C T * ,  (1 )  th e episod e coul d stil l  b e i n long-ter m 
memory,  bu t  no w i n declarative ,  non-associativ e m e m-
ory ,  (2 )  n o reconstructio n woul d b e require d fo r  recall , 
but  rathe r  a  searc h o f  declarativ e memory ,  an d (3 )  th e 
representatio n woul d no t  b e factore d int o separat e as -
sociativ e pieces ;  rather ,  an y featur e coul d b e retrieve d 
by searchin g declarativ e memory . 

Model predictions 

Thu s far ,  w e hav e describe d th e model' s propertie s i n 
term s dependen t  o n th e model' s dat a structure s an d 
processes .  However ,  i n orde r  t o evaluat e th e mode l  a s 
a testabl e hypothesis ,  behaviora l  prediction s mus t  b e 
describe d independen t  o f  th e mode l  an d architecture . 
Base d o n it s properties ,  Instructo-Soa r  make s a  num -
ber  o f  testabl e predictions : 

•  Initia l  learnin g o f  a  ne w procedur e i s rot e an d 
episodic .  Thus :  (1 )  th e procedur e ca n onl y b e per -
forme d i n situation s ver y simila r  t o th e origine d sit -
uatio n i t  wci s taugh t  i n (lo w transfer) ;  (2 )  subject s 
wil l  hav e difficult y performin g th e procedur e start -
in g fro m an y stat e othe r  tha n th e initia l  stat e (i.e . 
the y can' t  star t  i n th e middl e ver y well) ,  an d (3 ) 
performanc e i s slow . 

•  Learnin g a  genera l  for m o f  a  ne w procedur e take s 
multipl e (interna l  o r  external )  execution s o f  th e pro -
cedure .  Thus :  (4 )  th e amoun t  o f  transfe r  -  th e abil -
it y  t o perfor m th e procedur e i n nove l  situation s -
increase s wit h th e numbe r  o f  executions ,  unti l  th e 
m a x i m u m transfe r  leve l  i s  reached ;  (5 )  th e execu -
tio n tim e decrease s wit h th e numbe r  o f  executions . 
Empirically ,  w e hav e foun d tha t  thi s executio n tim e 
decreas e display s th e powe r  la w o f  practic e [Huffma n 
an d Laird ,  1993] .  Afte r  som e numbe r  o f  executions , 
th e procedur e i s full y  generalized .  A t  thi s point , 
(6 )  performanc e i s automati c (recognitional) ;  thus , 
performanc e wil l  b e fast ;  (7 )  subject s wil l  exhibi t 
th e Einsiellun g effect ;  an d (8 )  subject s wil l  b e abl e 
t o execut e th e procedur e equall y wel l  startin g fro m 
any o f  th e intermediat e state s alon g th e pat h o f  th e 
instructe d actio n sequence . 

•  Genera l  learnin g i s th e resul t  o f  a  deliberat e explana -
tio n process ,  applie d t o eac h individua l  instruction , 
usin g prio r  domai n knowledg e (here ,  knowledg e o f 
basi c operators '  effects) .  Thus ,  self-explanatio n [Ch i 

et  al. ,  1989 ]  improve s bot h (9 )  performanc e tim e an d 
(10 )  transfe r  -  subject s wh o d o no t  attemp t  suc h 
explanation s wil l  achiev e onl y low-transfer ;  an d (11 ) 
th e amoun t  an d qualit y o f  transfe r  achieve d depend s 
on th e amoun t  an d qualit y o f  prio r  domai n knowl -
edg e o f  th e subjec t  -  subject s wit h minima l  domai n 
knowledg e wil l  achiev e onl y low-transfe r  learning . 

Thes e prediction s see m broadl y consisten t  wit h wha t 
i s know n abou t  instructiona l  learning ,  bu t  mor e exper -
iment s ar e neede d t o full y  evaluat e them . 

Conclusion 

Unifie d theorie s o f  cognitio n specif y th e underlyin g 
architectur e o f  cognition ,  whic h mos t  directl y affect s 
behavio r  a t  smalle r  timescales .  However ,  eve n fo r 
knowledge-leve l  capabilities ,  developin g model s withi n 
th e contex t  o f  a  U T C ca n provid e a  larg e amoun t  o f 
usefu l  constrain t  i n mode l  desig n decisions .  Th e con -
strain t  i s  provide d b y th e behaviora l  entailment s o f  th e 
architecture ,  whic h indicat e th e natura l  wa y t o per -
for m th e tas k withi n th e architecture .  I n thi s pape r  w e 
hav e presente d a  cas e stud y o f  a  methodolog y fo r  K L C 
modeling ,  i n whic h a  se t  o f  entailment s fo r  th e Soa r  ar -
chitectur e wer e derive d fro m it s basi c properties .  W e 
hav e show n ho w thes e entailment s hav e affecte d devel -
opment  o f  a  K L C model ,  Instructo-Soar ,  tha t  learn s 
procedure s fro m natura l  languag e instruction . 
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