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A b s t r a c t 

This paper describes a space of possible models of 
knowledge-lea n huma n proble m solvin g characterise d 
by th e us e o f  recognitio n knowledg e t o contro l 
search .  Recognition-base d Proble m Solver s (RPS ) 
ar e contraste d t o Soa r  an d A C T - R whic h ten d t o us e 
larg e goa l  stack s t o contro l  searc h an d t o situate d 
theorie s o f  cognitio n tha t  ten d no t  t o b e abl e t o d o 
searc h a t  al l  (e.g .  Pengi) .  I t  i s  show n tha t  wit h 
appropriat e knowledg e increment s R P S ca n appl y 
algorithm s suc h a s depth-firs t  searc h wit h a  bounde d 
demand o n Workin g Memory .  Th e discussio n the n 
focuse s o n ho w som e wea k methods ,  suc h a s depth -
first  search ,  ar e mor e difficul t  t o encod e i n R P S tha n 
others .  I t  i s  claime d tha t  th e difficult y o f  encodin g 

depth-firs t  reflect s huma n performance. ^ 

Introduction 

Architectural theories of cognition such as Soar 
(Newell ,  1990 )  an d A C T - R (Anderson ,  1993 )  ar e 
base d o n a  classica l  decompositio n betwee n Workin g 
Memory ( W M )  an d Long-Ter m Memor y (LTM) .  A s 
thei r  nam e suggest s Workin g M e m o r y i s  use d fo r 
storin g temporar y informado n abou t  th e proble m 
solver' s immediat e situatio n an d goals ,  wherea s 
Long-Ter m M e m o r y i s  use d t o cod e persisten t 
knowledg e tha t  i s  use d o n man y successiv e occasions . 
I n thes e architecture s W M i s organise d usin g a  goal -
hierarchy :  a  stac k o f  goals ,  eac h o f  whic h i s th e 
subgoa l  o f  th e immediatel y precedin g goal . 

Soar' s goal-hierarch y i s a  particularl y ric h data -
structure .  Eac h leve l  ma y contai n informatio n abou t 
a proble m space ,  abou t  a  stat e an d abou t  man y 
alternativ e operators .  Thi s structur e ca n suppor t 
powerfu l  computations .  Fo r  example ,  i t  i s a  trivia l 
exercis e t o d o exhaustiv e depth-firs t  searc h o f  larg e 
proble m domains .  Th e goal-hierarch y ca n expan d a d 
infinitum ,  whils t  storin g a s man y intermediat e 
proble m state s an d operato r  evaluation s a s ar e 
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required .  Th e goal-hierarch y an d therefor e th e W M ar e 
essentiall y  unbounded .  A s a  resul t  a n emergen t 
theoretica l  proble m ha s bee n h o w t o equat e th e 
computationa l  powe r  provide d b y thi s data-structur e 
wit h th e al l  to o eviden t  inabilit y o f  peopl e t o d o 
comple x interna l  proble m solving . 

O ne answe r  t o thi s proble m i s t o propos e 
limitation s o n th e siz e o f  W M tha t  supposedl y 
correspon d t o limitation s o n huma n Short-Ter m 
Memory ( S T M )  (Anderson ,  1983 ;  page s 161-162) . 
That  peopl e hav e limite d S T M i s th e standar d 
explanatio n fo r  th e pervasiv e huma n inabilit y t o 
methodicall y searc h larg e proble m domains .  Th e ide a 
i s tha t  th e searc h mechanism s employe d b y peopl e 
woul d wor k bette r  i f  the y ha d large r  S T M ,  bu t  tha t 
the y ar e arbitraril y  constraine d b y technologicall y 
(neurally )  impose d limits . 

An alternative ,  o r  a t  leas t  complementar y answe r  i s 
tha t  S T M i s functionall y bounde d (Newell ,  1990 : 
pag e 354) .  Th e ide a i s tha t  short-ter m phenomen a 
migh t  aris e jus t  becaus e o f  h o w th e syste m mus t  b e 
designe d i n orde r  t o learn ,  perfor m an d interact .  Thi s 
hop e ha s serve d t o guid e th e constructio n o f  th e Soa r 
architectur e whic h ha s n o technologicall y impose d 
limits .  Her e w e wor k wit h a  variatio n o n th e them e 
i n whic h i t  i s  hypothesise d tha t  m u c h huma n 
proble m solvin g ma y onl y nee d limite d S T M .  Unde r 
thi s vie w increasin g S T M i s no t  require d wit h 
increasin g proble m complexity ,  rathe r  th e siz e o f 
S T M i s a  constan t  regardles s o f  th e problem . 

One o f  th e reason s fo r  believin g tha t  a  functionall y 
bounde d W M migh t  b e possibl e i s tha t  th e externa l 
tas k environmen t  provide s man y resource s fo r 
computation .  I t  ha s lon g bee n realise d tha t  huma n 
problem-solver s ar e dependen t  o n th e environment s i n 
whic h th e proble m solvin g take s plac e (Newel l  & 
Simon ,  1972) .  Thi s ha s recentl y resurface d a s a n 
issu e i n th e wor k o f  man y researchers .  Proble m 
solvin g i s no t  somethin g tha t  peopl e d o exclusivel y 
i n thei r  heads ,  bu t  instea d i s a n activit y tha t  involve s 
th e combine d us e o f  interna l  an d externa l  resources . 
Model s consisten t  wit h thi s approac h includ e Peng i 
(Agr e &  Chapman ,  1990) .  However ,  whils t  no t 
requirin g muc h i f  an y W M an d whils t  exhibitin g 
many interactiv e phenomena ,  i t  i s  no t  clea r  h o w thes e 
model s can ,  eve n i n principle ,  b e applie d t o solvin g 
comple x tasks . 
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Figur e 1 :  A n exampl e graph . 

I n thi s pape r  a  framewor k tha t  define s a  clas s o f 
model s calle d Recognition-base d I*roblem-Solver s 
(RPS)  i s proposed .  Th e ide a behin d a n R P S i s tha t 
th e function s tha t  woul d otherwis e b e perfonne d b y a 
goal-hierarch y ar e instea d performe d b y knowledg e 
encoded ,  durin g proble m solving ,  i n L T M .  Th e basi c 
for m o f  thi s knowledg e i s  recognitio n knowledge . 
Thi s i s knowledg e tha t  add s a  'recognised '  marke r  t o 
an objec t  i n W M wheneve r  tha t  objec t  ha s bee n i n 
W M o n som e previou s occasion .  Th e us e o f 
recognitio n knowledg e i s apparen t  i n recen t  cognitiv e 
model s (e.g .  Aasma n &  Akyurek ,  1992 )  an d i t  ca n 
als o b e foun d i n th e earUe r  wor k o f  Atwood ,  Masso n 
& Poiso n (1980) . 

Th e descriptio n o f  a n R P S i s no t  intende d a s a 
specificatio n o f  a  cognitiv e architecture ,  bu t  merel y a s 
a descriptio n o f  th e assumption s o f  recognition-base d 
proble m solving .  It s  purpos e i s t o facilitat e th e 
investigatio n o f  encode d algorithms .  Whic h i n tur n 
wil l  m a k e i t  possibl e t o illustrat e som e o f  th e 
emergen t  propertie s o f  a n R P S .  T o anticipat e th e 
conclusion ,  th e first  propert y i s tha t  it s  us e o f  W M i s 
bounded .  Thi s wil l  b e demonstrate d fo r  a  depth-firs t 
searc h algorithm ,  whic h i n tur n wil l  revea l  a  secon d 
property ;  R P S lead s t o a  mor e cognitivel y plausibl e 
encodin g o f  depth-firs t  searc h tha n doe s a  stack-base d 
proble m solver . 

The RPS space of models 

An RPS can be described in terms of how it uses 
W M,  ho w i t  use s LT M an d th e condition s unde r 
whic h i t  learns ;  th e learnin g conditions .  Learnin g 
condition s ar e a  se t  o f  rule s tha t  determin e th e 
acquisitio n o f  chunks .  A  chun k i s simpl y a  rul e tha t 
i s  adde d t o L T M durin g proble m solving .  Fo r 
exampl e th e learnin g conditio n Lj , 

Lj. IF apply(S,0) THEN-LEARN 
state(S )  &  operator(O )  - > recognised(S,0) . 

adds a chunk that recognises operators which are 
actuall y applie d t o th e state .  Onc e adde d t o L T M th e 
chun k wil l  fir e wheneve r  th e particula r  stat e an d 
operato r  ente r  W M. 

The rul e learn t  b y L j  i s a n exampl e o f  recognitio n 

know ledge .  Thi s ca n b e contraste d t o contro l 
knowledge ,  whic h m a y fo r  exampl e determin e 
whether ,  i n a  particula r  situation ,  on e operato r  i s 
bette r  tha n anothe r  an d t o predictiv e knowledg e tha t 
determine s th e resul t  o f  applyin g a  particuliu "  operato r 
t o th e world .  Th e us e o f  eithe r  o f  thes e type s o f 
knowledg e i s no t  preclude d i n a n R P S .  However ,  th e 
emphasi s her e i s o n th e us e an d rol e o f  recognitio n 
knowledge . 

The initia l  content s o f  th e L T M i s a  se t  o f  decisio n 
rule s tha t  determin e th e proble m solvin g metho d fo r 
th e task .  Eac h decisio n rul e ha s a  left-hand-sid e tha t 
i s a  se t  o f  condition s i n W M an d a  right-hand-side 
tha t  propose s som e stat e elaboration .  Fo r  example ,  a 
preferenc e fo r  a n operator , 

Dj. state(S) & operator(O) 
& recognised(S ,  O )  - > reject(S,0 ) 

which says, if you recognise that the current operator 
has bee n applie d t o th e curren t  stat e the n rejec t  th e 
operator .  Th e proble m solvin g metho d define d b y 
thes e rule s m a y b e a  depth-firs t  searc h o r  hill -
cUmbin g o r  som e othe r  method . 

The RPS' s Workin g M e m o r y include s a  descriptio n 
of  th e curren t  task ,  o f  th e curren t  state ,  an d o f  th e 
operator s tha t  ar e applicabl e t o th e curren t  state . 
Ther e ar e als o predicate s abou t  wha t  i n th e curren t 
W M ha s bee n recognised ,  an d a  predicat e describin g 
th e immediatel y previou s operator .  Othe r  predicate s 
m ay b e adde d b y knowledg e i n L T M bu t  thi s doe s no t 
includ e arbitrar y knowledg e abou t  previou s proble m 
solvin g history .  Ther e i s onl y on e tas k i n W M,  an d 
onl y on e state .  Ther e i s n o goal-hierarchy . 

As wit h th e Soa r  proble m solvin g architectur e th e 
R PS i s inten d t o wor k usin g alternat e elaboratio n an d 
decisio n phases .  I n th e elaboratio n phase ,  W M i s 
update d wit h th e curren t  descriptio n o f  th e externa l 
worl d an d wit h knowledg e brough t  fro m L T M .  Th e 
elaboratio n phas e run s t o quiescenc e an d i s  the n 
followe d b y th e decisio n phas e whic h choose s a n 
operato r  t o ̂ p l y t o th e world . 

I n th e elaboratio n phase ,  rule s i n L T M ma y pos t 
any numbe r  o f  operato r  preferences .  Durin g th e 
decisio n phas e a n operato r  selectio n i s mad e o n th e 
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R PS L E A R N I N G C O N D I T I O N S 

L1. IF apply(S,0) & state(S) THEN LEARN [ state(S) -» recognised(S) ] 

L2. IF apply(S,0) & state(S) & operator(O) THEN LEARN [ state(S) & operator(O) -• recognised(S,0) 1 

L3. IF task(T) & state(T) THEN LEARN [ task(T) ^ recognised(T) ] 

LEARNING CONDITIONS (DEPTH-FIRST SEARCH) 

L4. IF state(S) & not(recognised(S)) & previous-op{P) & operator(U) & undo(P,U) 
T H EN L E A R N I  state(S )  &  operator(U )  - •  backup(U )  ] 

L5. IF task(T) & not(recognised(T)) & state(S) & operator(O) & recognised(S.O) & previous-op(P) 
& undo(P,0 )  T H E N L E A R N [  task(T )  &  state(S )  &  operator(O )  - > reject(O )  1 

DECISION RULES (DEPTH-FIRST SEARCH) 

01. [ task(T) & not(recx)gnised(T)) & statG(S) & 
operator(O )  &  not(recognised(S,0) )  &  not(backup(0) )  - *  acceptable(O )  ] 

D2. [ task(T) & not(recognised(T)) & state(S) & recognised(S) 
& previous-op(P )  &  not(backup(P) )  &  undo(P ,  U )  &  operator(U )  - > best(U )  ] 

D3. [ task(T) & not(recognised(T)) & state(S) & recognis©d(S) & operator(O) & backup(O) -> worst(O) J 

D4. [ task(T) & state(T) -> succeeded(T) ] 

D5. [ task(T) & recognised(T) & state(S) & recognised(S) 
& operator(O )  &  recognised(S,0 )  &  not(reject(0) )  - > acceptable(S,0 )  ] 

Figure 2: RPS and knowledge increments required to do depth-first search. 

basi s o f  th e followin g preferenc e ordering ;  best , 
acceptable ,  worst .  Operator s wit h a  rejec t  preferenc e 
wil l  no t  b e selected .  A s soo n a s th e operato r  i s 
applie d th e ol d stat e i s replace d b y th e new ,  an d al l 
W M elaboration s tha t  wer e dependen t  o n th e ol d state , 
e.g .  th e operator s ar e remove d fro m W M. 

For  th e purpose s o f  thi s pape r  thes e component s 
wil l  b e sufficien t  t o defin e a n RPS .  Th e importan t 
point s ar e tha t  W M i s restricte d t o a  descriptio n o f  th e 
curren t  externa l  situation ,  knowledg e i s store d i n 
L T M wheneve r  a  learnin g conditio n i s met ,  an d lastl y 
decisio n rule s fo r  th e particula r  tas k defin e a  searc h 
algorithm . 

The ide a behin d separatin g ou t  th e conten t  o f  th e 
decisio n rule s fro m th e R P S architectur e i s tha t  i t  i s 
n o w possibl e t o deriv e h o w differen t  searc h 
algorithm s (e.g .  depth-firs t  search ,  means-end s 
analysi s an d th e othe r  wea k methods )  ca n mak e us e o f 
th e resource s provide d b y recognitio n chunking .  Th e 
nex t  sectio n illustrate s thi s wit h a n R P S descriptio n 
of  a  depth-firs t  searc h fo r  a n undirecte d grap h 
structure . 

Depth-first graph search 

Imagine an undirected graph such as that depicted in 
Figur e 1 .  Th e structur e i s a n abstractio n o f  a  domai n 

i n whic h onl y on e nod e o f  th e grap h i s visibl e t o th e 
problem-solve r  a t  a  time ,  an d transition s ar e mad e 
betwee n node s b y transition s o f  th e represente d arcs . 
H o w,  give n a  goa l  node ,  wil l  a n RPS ,  (a )  explor e th e 
grap h t o fin d th e goal ,  and ,  (b )  acquir e contro l 
knowledg e tha t  wil l  enabl e i t  t o improv e it s 
performance ? 

A depth-firs t  R P S solutio n i s illustrate d i n Figur e 
2.  Th e figur e consist s o f  tw o set s o f  definitions . 
The firs t  i s  a  lis t  o f  th e learnin g condition s (L I  t o 
L5) ,  an d th e secon d i s a  lis t  o f  th e decisio n rule s (D l 
t o D5) . 

Learnin g condition s L I  t o L 3 defin e th e acquisitio n 
of  recognitio n knowledge .  L I  learn s chunk s t o 
recognis e visite d states .  L 2 learn s chunk s t o 
recognis e operator s tha t  hav e bee n applie d t o states , 
and L 3 learn s chunk s t o recognis e a  tas k tha t  ha s bee n 
achieve d before .  Thes e chunk s provid e th e 
recognitio n resource s b y whic h th e R P S control s it s 
exploration .  The y ar e no t  specifi c  t o depth-firs t 
search .  Th e remainde r  o f  th e learnin g condition s an d 
decisio n rule s ar e knowledg e increment s tha t  defin e a 
depth-firs t  searc h algorithm . 

Thes e rule s us e thre e specia l  predicate s tha t  defin e 
aspect s o f  th e currentl y availabl e operators .  Th e first 
of  thes e i s th e previou s operator ,  whic h i s th e mos t 
recentl y applie d operato r  an d whic h move d th e R P S 
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int o th e currer\ t  state .  Th e previou s operato r  i s 
dyniuni c an d change s ever y tim e tha t  a  ne w stat e i s 
entered .  Second ,  th e proble m solve r  need s t o kno w 
h o w t o und o th e effec t  o f  th e previou s operator .  Th e 
und o operato r  wil l  retur n i t  t o th e immediatel y 
previou s state .  Third ,  th e backu p operato r  i s use d i n 
th e managemen t  o f  depth-firs t  se;u-ch .  Th e backu p 
operato r  undoe s th e effec t  o f  th e operato r  b y whic h a 
stat e wa s firs t  entered .  W h e n al l  othe r  route s hav e 
bee n searche d thi s operato r  ca n b e applie d t o retur n 
th e proble m solve r  t o th e immediatel y highe r  nod e i n 
th e depth-firs t  searc h tree .  Ther e i s onl y eve r  on e 
backu p operato r  fo r  a  particula r  stat e an d i t  neve r 
changes . 

The followin g paragraph s trac e th e behaviou r  o f  th e 
R PS whe n applie d t o th e grap h i n Figur e 1 .  Th e 
actio n o f  th e learnin g condition s an d th e decisio n 
rule s i s described .  Th e trac e i s spli t  int o a  first  tria l 
and a  second .  Th e initia l  stat e i s U  an d th e goa l  stat e 
i s A ,  givin g a n initia l  W M of ,  task(A) ,  state(U) , 
operator(3) ,  operator(4) ,  operator(8) ,  operator(5) . 

Tria l  1 .  Firs t  th e R P S enter s th e elaboratio n phas e 
and gather s al l  relevan t  knowledg e fro m L T M .  Th e 
proble m solve r  i s i n stat e U  an d n o recognitio n 
chunk s wil l  fire  a s neithe r  th e state ,  operator s no r  th e 
tas k ha s bee n see n before .  A s a  resul t  onl y decisio n 
rul e D l  (Figur e 2 )  wil l  fire.  I t  i s  relevan t  wheneve r 
ther e i s a  ne w tas k an d a n operato r  tha t  ha s no t  bee n 
trie d before .  I n thi s situatio n i t  wil l  giv e acceptabl e 
preference s t o operator s 3,5. 8 an d 4 . 

Next  th e R P S enter s th e decisio n phas e an d a 
selectio n i s mad e randoml y betwee n th e operator s 
wit h acceptabl e preferences .  Let' s sa y tha t  4  i s 
selected .  The n th e predicate ,  apply(U .  4 )  i s  adde d t o 
W M an d learnin g condition s L I  an d L 2 wil l 
subsequentl y fire,  addin g chunk s C I  an d C 2 t o L T M , 

CI: state(U) -» recognised(U) 
C2:  state(U )  &  operator(4 )  - *  recognised(U,4) . 

Both of these chunks will be used later on in this 
trial .  Fo r  n o w th e R P S wil l  m o v e int o stale(B) ,  an d 
it s W M i s updated .  Thi s involve s replacin g state(A ) 
by state(B) ,  the n removin g al l  predicate s tha t  wer e 
derive d fro m state(A )  (i n thi s cas e th e operato r 
proposals) ,  an d the n addin g th e predicate s previous -
op(4 )  an d undo(4,4) .  (I n thi s simpl e grap h a n 
operato r  i s it s  o w n inverse) . 

Once i n state(B) ,  W M wil l  b e elaborate d wit h a 
descriptio n o f  th e availabl e operator s (whic h ar e 4  an d 
9 )  an d the n learnin g conditio n L 4 wil l  ad d th e 
followin g chun k t o L T M , 

C3: state(B) & operator(4) -> backup(4). 

This chunk will fire immediately and add predicate 
backup(4 )  t o W M.  Agai n decisio n rul e D l  fires  an d 
give s a n acceptabl e preferenc e t o operator(9) .  Thi s 
tim e operator(4 )  doe s no t  ge t  a n acceptabl e preferenc e 
becaus e i t  i s  th e backu p operator .  A s a  resul t 

operator(9 )  i s selecte d an d applie d movin g th e 
proble m solve r  t o state(F) .  I n th e proces s th e 
followin g chunk s <'ir e formed , 

C4: state(B) -» recognised(B) 
C5:  state(B )  &  operator(9 )  - » recognised(B,9 ) 
C6:  state(F )  &  operator(9 )  - > backup(9 ) 

and the predicates dependent on state(B) are removed 
fro m W M (includin g operator(4) ,  operator(8) , 
backup(4) ,  previous-op(4) ,  an d undo(4,4)) .  Let' s 
imagin e tha t  th e R P S no w select s operator(8 )  an d 
traverse s bac k t o stat e U ,  formin g th e chunks , 

C7: state(F) -» recognised(F) 
C8:  state(F )  &  operator(8 )  - *  recognised(F,8 ) 

Now the recognition knowledge learnt earlier comes 
int o play .  Stat e U  wa s o f  cours e th e initia l  state ,  an d 
has therefor e bee n visite d before .  Th e R P S wil l 
k n o w thi s becaus e chun k C I  wil l  fir e an d pos t 
recognised(U) .  Th e proble m solve r  ha s wandere d i n a 
loop ,  an d th e appropriat e thin g t o d o i s retur n t o th e 
previou s state .  Thi s decisio n i s capture d b y rul e D 2 , 
whic h propose s a  bes t  preferenc e fo r  operator(8) . 
Operator(8 )  wil l  b e selecte d an d th e R P S wil l  retur n 
t o state(F) . 

I t  i s  i n th e retur n t o state(F )  tha t  th e poin t  o f  th e 
R PS mechanis m ca n b e seen .  Th e detectio n o f  th e 
loo p an d th e retur n t o a  previou s stat e ha s bee n 
achieve d usin g recognitio n knowledg e i n L T M rathe r 
tha n b y storin g intermediat e state s i n W M. 

On returnin g t o state(F) ,  learnin g conditio n L 5 (se e 
Figur e 2 )  fires.  Thi s conditio n i s relevan t  whe n th e 
tas k ha s no t  ye t  bee n achieve d an d th e R P S ha s jus t 
backe d u p fro m a  trie d operator .  It s effec t  i s  t o creat e 
a chun k tha t  reject s th e trie d operator .  I n thi s cas e th e 
chun k woul d be , 

C9: task(A) & state(F) & operator(8) -» reject(8) 

The logic of this rule is that immediately following 
th e deliberat e retur n t o a  visite d state ,  tha t  branc h o f 
th e searc h spac e mus t  hav e bee n full y explore d 
(remembe r  tha t  depth-firs t  i s  a n exhaustiv e 
algorithm) .  N o w thi s n e w chun k C 9 fire s 
immediatel y an d put s a  rejec t  preferenc e fo r  operato r  8 
int o W M.  Decisio n rul e D l  fire s fo r  operator s 6 ,  8 
and 7  an d give s the m acceptabl e preferences .  Chun k 
C6 mark s operato r  9  a s th e backu p operator ,  whic h i n 
tur n wil l  b e give n a  wors t  preferenc e b y decisio n rul e 
D3. 

The resul t  o f  thes e preference s i s t o leav e a  rando m 
choic e betwee n operator s 6  an d 7 .  I f  th e R P S choose s 
operato r  6  the n th e proble m solvin g an d chunkin g 
wil l  continu e i n th e sam e manne r  a s ha s bee n 
described .  I f  o n th e othe r  han d i t  choose s operato r  7 
the n i t  wil l  lea d t o th e goa l  state .  Onc e there ,  learnin g 
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conditio n L 3 wil l  creat e a  chun k tha t  recognise s th e 
tas k a s somethin g tha t  ha s bee n achieved , 

C10: task(A) -• recognised(A) 

and decision rule D4 will fire and post success. 
Tria l  2 .  O n tria l  2  a  differen t  strateg y i s possible . 

I n contras t  t o th e firs t  tria l  th e R P S no w ha s som e 
knowledg e abou t  ho w t o ge t  t o it s goa l  state .  Ther e 
ar e tw o part s t o th e tria l  2  strategy .  First ,  rathe r  tha n 
Dl  givin g acceptabl e preference s t o operator s tha t 
haven' t  bee n trie d before ,  decisio n rul e D 5 give s 
acceptabl e preference s t o operator s tha t  hav e bee n trie d 
before .  Th e rationa l  behin d thi s i s tha t  i f  th e tas k ha s 
been don e befor e the n ther e i s n o poin t  i n doin g 
anythin g new .  (Assumin g tha t  th e initia l  stat e i s th e 
same. ) 

Second ,  th e chunk s forme d b y learnin g conditio n 
L5 ,  i n thi s cas e C9 ,  ensur e tha t  branche s tha t  lea d t o 
loop s o r  deadend s ge t  rejected . 

The combinatio n o f  th e actio n o f  decisio n rul e D 5 
and th e chunk s learn t  b y learnin g conditio n L 5 i s 
suc h tha t  o n tria l  2  th e R P S wil l  ge t  t o it s goa l 
withou t  branchin g o r  looping .  Th e loo p pat h bac k t o 
U from F  woul d b e eliminate d b y th e chun k C9 ,  an d 
th e untrie d options ,  operator(U,3) ,  operator(U,5) ,  an d 
operator(F,6 )  woul d b e eliminate d becaus e D 5 woul d 
not  mak e the m acceptable .  Th e sam e behaviou r 
woul d b e repeate d o n subsequen t  trials . 

I n thi s example ,  decisio n rul e D 5 continue s usin g 
recognitio n knowledg e t o guid e search ,  wherea s 
chunk s forme d b y L 5 ad d contro l  knowledg e t o W M. 
Ther e ar e othe r  plausibl e combination s o f  th e us e o f 
recognitio n an d contro l  knowledg e bu t  unfortunatel y 
ther e i s no t  spac e t o explor e the m here . 

For  no w w e hav e demonstrate d on e weak-metho d 
by whic h a n RP S ca n b e incremente d s o a s t o searc h 
gr^ h structure s i n th e externa l  world .  Th e importan t 
poin t  i s  tha t  althoug h th e searc h i s exhaustive ,  an d a s 
efficien t  a s ca n b e expecte d withou t  additiona l  domai n 
specifi c  knowledge ,  i t  impose s a  bounde d deman d o n 
W M.  Thi s i s achieve d throug h th e effectiv e 
acquisitio n an d us e o f  recognitio n knowledge . 

I t  i s  wort h briefl y contrastin g thi s solutio n t o ho w 
a goal-hierarch y base d proble m solve r  woul d hav e 
achieve d thi s task .  I f  w e assum e tha t  th e tas k 
knowledg e ca n b e code d internall y the n i n Soa r  th e 
classica l  solutio n woul d involv e creatin g a  subgoa l 
fo r  ever y decisio n point .  Thes e subgoal s woul d for m 
a hierarch y i n W M wit h on e leve l  fo r  eac h stat e tha t 
had s o fa r  bee n visite d an d no t  backe d ou t  o f  Th e 
number  o f  state s store d i n W M woul d b e equa l  t o th e 
maximu m dept h o f  exploratio n don e s o far .  I n ou r 
exampl e tria l  th e max imu m numbe r  o f  state s store d 
i n W M a t  an y on e tim e woul d hav e bee n fou r  (U ,  B , 
F an d U ) .  I n genera l  th e stoc k o f  state s i n W M 
woul d gro w wit h th e siz e o f  th e proble m domai n 
bein g explored .  W M us e i s therefor e unbounded . 

Othe r  tha n usin g unbounde d W M a  goal-hierarch y 
solutio n ha s tw o othe r  majo r  difference s t o a n R P S 
solution .  Firs t  th e resource s tha t  i t  provide s d o no t 
naturall y suppor t  loo p detection .  Ther e i s n o 
recognitio n knowledg e an d s o loop s ca n onl y b e 
detecte d i f  a  specia l  functio n i s programme d tha t 
matche s pair s o f  item s hel d i n W M an d determine s 
whethe r  the y ar e th e same .  I n contras t  loo p detectio n 
emerge s fro m th e R P S encodin g o f  recognitio n 
knowledge .  Second ,  a  goal-hierarch y support s 
effortles s bac k u p t o previou s states ,  o r  backtracking . 
Backtrackin g i s simpl y a  matte r  o f  poppin g a  goal . 
I n contrast ,  i n R P S backu p function s mus t  b e 
explicitl y  coded .  A s ca n b e see n from  th e previou s 
analysis ,  t o encod e depth-firs t  searc h i n R P S require s 
considerabl y mor e knowledg e tha n i t  doe s wit h a 
stack-base d proble m solver .  Th e difficult y o f 
encodin g an d maintainin g th e backu p operato r  ma y 
c^tur e th e reaso n fo r  wh y peopl e ar e no t  commonl y 
observe d doin g depth-firs t  search . 

A Depth-firs t  searc h algorith m simila r  t o th e R P S 
one describe d her e ha s bee n investigate d i n Soa r  b y 
Aasman &  Akyure k (1992) .  Fo r  th e purpose s o f  thi s 
pape r  a  Prolo g progra m wa s writte n t o tes t  th e 
algorithm . 

Other weak methods in RPS 

Laird & Newell (1983) introduce the concept of a 
Universa l  Wea k Metho d ( U W M )  an d subsequentl y 
defm e a  U W M fo r  Soar .  Th e ide a i s tha t  rathe r  tha n 
havin g a  pre-programme d se t  o f  wea k method s fro m 
whic h a n architectur e ca n select ,  a  wea k metho d 
emerge s a s a  consequenc e o f  th e tas k knowledg e an d 
environment .  I n th e sam e spiri t  th e R P S framework 
does no t  commi t  t o a  particula r  wea k method .  I t  i s 
possibl e tha t  man y wea k method s coul d b e define d 
tha t  mak e us e o f  recognitio n knowledge .  T w o tha t 
ar e o f  particula r  interes t  from  th e perspectiv e o f 
modellin g huma n cognitio n ar e means-end s analysi s 
and progressiv e deepening . 

Means-End s Analysis .  Atwood ,  Masso n &  Poiso n 
(1980 )  describ e a n empiricall y validate d mode l  tha t 
use s a  combinatio n o f  means-end s an d recognitio n 
knowledg e t o evaluat e operator s i n Missionarie s an d 
Cannibal s an d othe r  transformatio n problems .  A 
distinctiv e featur e o f  th e mode l  i s tha t  i t  use s a 
frequenc y measur e o f  recognitio n t o hel p contro l 
search . 

Progressiv e deepening .  Th e depth-firs t  searc h 
algorith m describe d i n th e previou s sectio n wa s fo r 
searchin g a  grap h structur e tha t  wa s externa l  t o th e 
proble m solver .  W e ca n als o speculat e o n wha t 
implication s R P S ha s fo r  interna l  proble m solving . 
Interna l  proble m solvin g ca n b e achieve d i n R P S i f 
th e result s o f  operato r  application s (i.e .  predictiv e 
knowledge )  ar e known .  Give n suc h knowledg e i t 
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woul d b e possibl e t o construc t  a  ne w stat e internally . 
withou t  actuall y jy)plyin g operator s t o th e world .  A s 
befor e thi s ne w stat e woul d replac e th e old .  N o w 
assumin g tha t  recognitio n knowledg e coul d b e 
chunke d fo r  internall y visite d state s i t  woul d i n 
principl e b e possibl e t o d o depth-firs t  searc h 
internally .  Thi s woul d suppor t  th e acquisitio n o f 
plan s tha t  consis t  o f  internall y constructe d 
recognitio n an d contro l  knowledge .  Th e constructio n 
of  th e pla n woul d correspon d t o tria l  1  i n sectio n 3 
and th e applicatio n o f  th e pla n t o tria l  2 .  Howeve r 
fo r  man y domain s (e.g .  chess )  interna l  depth-firs t 
searc h ma y b e prohibitivel y difficul t  becaus e o f  th e 
complexit y o f  definin g an d chunkin g th e backu p 
operator .  Recal l  tha t  th e backu p operato r  cause d 
much o f  th e complexit y i n Figur e 2 .  I f  backu p i s no t 
possible ,  the n neithe r  i s depth-firs t  search .  Instea d 
th e proble m solve r  mus t  explor e path s b y alway s 
movin g forward .  I f  a  failur e stat e i s reache d the n i t 
must  retur n t o th e bas e positio n an d star t  explorin g 

again .  Thi s i s progressiv e deepening. ^ 
Whateve r  th e wea k metho d used ,  th e factorisatio n 

betwee n wha t  come s wit h th e architectur e an d wha t 
count s a s method-specifi c  knowledg e i s differen t  i n 
R PS t o wha t  i t  i s i n th e U W M fo r  Soar .  Th e R P S 
(wit h bounde d W M )  i s fa r  les s powerfu l  tha n th e 
U WM fo r  Soa r  (wit h it s  W M goal-hierarch y an d 
backtrackin g facility )  an d i t  require s correspondingl y 
mor e knowledg e (i n th e for m o f  decisio n rules )  t o 
defin e a  wea k method .  Th e U W M an d R P S clearl y 
furnis h differen t  prediction s fo r  th e eas e wit h whic h a 
particula r  wea k metho d ca n b e use d b y people . 
Whic h i s correc t  i s  a n empirica l  question . 

Discussion 

An interesting aspect of an RPS is that learning is 
intrinsi c t o it s  proble m solvin g capability .  I n 
contras t  Soa r  ca n solv e man y problem s withou t 
learning ,  an d eve n whe n learnin g i s  don e i t  ofte n 
occur s a s a  side-effec t  o f  proble m solving .  Bu t  i n 
R PS learnin g mus i  occu r  t o mak e proble m solvin g 
possibl e i n th e first  place .  Withou t  learnin g ther e 
woul d b e n o wa y o f  controllin g search .  R P S thereb y 
take s th e tigh t  architectura l  integratio n o f  learnin g an d 
proble m solvin g a  stag e further . 

A secon d consequenc e o f  th e R P S mechanis m i s 
tha t  th e burde n o f  explanatio n fo r  th e error s an d 
inefficiencie s i n huma n performanc e i s shifte d fro m 
th e limite d capacit y o f  W M t o th e abilit y o f  th e 
proble m solve r  t o encod e sufficien t  recognitio n 

2l n fact ,  peopl e ar e observe d t o d o modif ie d 

progressiv e deepening .  Thi s involve s a  on e ste p 

look-ahea d an d backup ,  tha t  woul d requir e th e R P S 

workin g memor y t o expan d t o tw o stat e description s 

rathe r  tha n jus t  one . 

knowledg e fo r  th e ta.sk .  Fo r  exampl e ther e ma y no l 
be distinctiv e stiite s i n th e wori d (e.g .  a  maz e wit h 
whit e walls )  o r  th e proble m solver' s attentio n ma y 
not  b e focuse d o n th e righ t  aspect s o f  it s 
environment .  Inadequat e recognitio n knowledg e 
woul d rapidl y disabl e th e RPS' s abilit y t o solv e 
problems . 

The poin t  o f  thi s pape r  ha s no t  bee n t o questio n th e 
rol e o f  goal s an d subgoal s i n model s o f  humj m 
cognitio n pe r  se .  I t  ha s bee n t o questio n th e us e o f 
larg e goal-hierarchie s i n workin g memory .  A s t m 
alternativ e th e us e o f  recognitio n knowledg e wa s 
proposed .  Th e argumen t  i n favou r  o f  i t  i s  twofold . 
First ,  tha t  wit h a  bounde d W M R P S i s 
computationall y powerfu l  enoug h t o suppor t 
exhaustiv e externa l  search ,  an d second ,  th e possibilit y 
tha t  fo r  interna l  look-ahead ,  cognitivel y plausibl e 
weak methods ,  suc h a s progressiv e deepening ,  wil l 
emerge . 
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