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A Rationa l  Analysi s o f  Alternatin g Searc h a n d 

Reflectio n Strategie s i n P r o b l e m Solvin g 

Niels Taatgen (n. a. taatgenebcn. rug. nl) 

Cognitiv e Scienc e an d Engineering ,  Universit y  o f  Groninge n 
Grot e Kruisstraa t  2/1 ,  971 2 T S Groningen ,  th e Netherland s 

Abstrac t 

In this paper two approaches to problem solving, search and 
reflection ,  ar e discussed ,  an d combine d i n tw o models ,  bot h 
base d o n rationa l  analysi s (Anderson ,  1990) .  Th e first  mode l  i s 
a dynami c growt h model ,  whic h show s tha t  alternatin g searc h 
and reflectio n i s a  rationa l  strategy .  Th e secon d mode l  i s a 
model  i n ACT-R ,  whic h ca n discove r  an d revis e strategie s t o 
solv e simpl e problems .  Bot h model s exhibi t  th e explore -
insigh t  patter n normall y attribute d t o insigh t  proble m solving . 

S e a r c h vs .  Ins igh t 

The traditional approach of problem solving is one of prob-
le m spac e searc h (se e fo r  exampl e Newel l  &  Simon ,  1972) . 
Solvin g a  proble m mean s n o mor e o r  les s tha n finding  a n 
appropriat e sequenc e o f  operators ,  tha t  transfor m a  certai n 
initia l  stat e int o a  stat e tha t  satisfie s som e goa l  criterium . 
Proble m solvin g i s difficul t  i f  th e sequenc e neede d i s long ,  i f 
ther e ar e man y possibl e operators ,  o r  i f  ther e i s n o o r  littl e 
knowledg e o n h o w t o choos e th e righ t  operator . 

A differen t  approac h t o proble m solvin g i s tha t  th e crucia l 
proces s i s insigh t  instea d o f  search .  Thi s vie w als o ha s a  ric h 
tradition ,  roote d i n Gestal t  psychology .  Accordin g t o th e 
insigh t  theory ,  th e interestin g m o m e n t  i n proble m solvin g i s 
when th e subjec t  suddenl y "sees "  th e solution ,  i n a  m o m e n t 
when a n 'unconsciou s lea p i n thinking "  take s place .  Instea d 
of  graduall y approachin g th e goal ,  th e solutio n i s reache d i n 
a singl e step ,  an d reasonin g effort s befor e thi s ste p hav e n o 
clea r  relatio n t o it .  I n thi s sens e proble m solvin g i s ofte n 
divide d int o fou r  stages :  exploration ,  impasse ,  insigh t  an d 
execution . 

Insigh t  ca n b e viewe d i n tw o ways :  a s a  specia l  process ,  o r 
as a  resul t  o f  ordinar y perception ,  recognitio n an d learnin g 
processe s (Davidson ,  1995) .  Despit e th e intuitiv e appea l  o f  a 
specia l  process ,  th e latte r  vie w i s mor e consisten t  wit h th e 
moder n information-processin g paradig m o f  cognitiv e psy -
chology ,  an d m u c h mor e ope n t o bot h empirica l  stud y an d 
computationa l  modeling . 

Bot h th e searc h an d th e insigh t  theor y selec t  th e problem s 
t o b e studie d i n accordanc e wit h thei r  o w n view .  Typica l 
"search"-problem s involv e finding  lon g string s o f  clearl y 
define d operators ,  a s i n th e eigh t  puzzle ,  th e towers-of-hano i 
tas k an d othe r  puzzles ,  ofte n adapte d fro m artificia l  intelli -
genc e to y domains .  "Insight"-problem s o n th e othe r  hand , 
can b e solve d i n onl y a  fe w steps ,  ofte n onl y one .  Possibl e 
operation s ar e ofte n define d unclearly ,  o r  misleadingly ,  o r 
ar e no t  define d a t  all .  A  typica l  insigh t  proble m i s th e nine -
dot s problem ,  i n whic h nin e dot s i n a  3x 3 arra y mus t  al l  b e 
connecte d usin g fou r  connecte d lines .  Th e crucia l  insigh t  i s 
th e fac t  tha t  th e line s m a y b e extende d outsid e th e 3x 3 

boundary .  Othe r  insigh t  problem s ar e th e box-candl e prob -
le m an d severa l  type s o f  matchstic k problem s (se e fo r  exam -
pl e Mayer ,  1995) .  D u e t o thi s choic e o f  problems ,  bot h 
evidenc e fro m insigh t  an d searc h experiment s ten d t o sup -
por t  thei r  respectiv e theories .  Bot h theorie s ignor e aspect s o f 
proble m solving .  Th e searc h theor y seem s t o assum e tha t 
subject s creat e clear-cu t  operator s base d o n instruction s 
alone ,  an d tha t  subject s d o no t  reflec t  o n thei r  o w n problem -
solvin g behavior ,  whil e th e insigh t  theor y assume s al l  pro -
cessin g tha t  happen s befor e th e "insight "  occur s ha s hardl y 
any relevanc e a t  all .  S o probabl y searc h an d insigh t  ar e bot h 
aspect s o f  proble m solving ,  an d th e rea l  tas k i s t o find  a  the -
or y o f  proble m solvin g tha t  combine s th e tw o (Ohlsson , 
1984) .  O n e suc h vie w see s insigh t  a s a  representationa l 
change .  Searc h i s neede d t o explor e th e curren t  representa -
tio n o f  th e problem ,  an d insigh t  i s neede d i f  th e curren t  rep -
resentatio n appear s no t  t o b e sufficien t  t o solv e th e problem . 
I n thi s view ,  searc h an d insigh t  correspon d t o wha t  N o r m a n 
(1993 )  call s experientia l  an d reflectiv e cognition .  I f  someon e 
i s i n experientia l  mode ,  behavio r  i s largel y determine d b y th e 
tas k a t  han d an d th e task-specifi c  knowledg e th e perso n 
alread y has .  I n reflectiv e m o d e o n th e othe r  hand ,  compari -
son s betwee n problem s ar e made ,  possibl y relevan t  knowl -
edg e i s retrieve d fro m memory ,  an d ne w hypothese s ar e 
created .  I f  reflectio n i s successful ,  n e w task-specifi c  knowl -
edg e i s gained ,  whic h m a y b e mor e genera l  an d o n a  highe r 
leve l  tha n th e existin g knowledge . 

The scheduling task 

An example of a task in which both search and insight are 
necessar y i s scheduling .  Figur e 1  show s a n exampl e o f  a 
schedulin g tas k use d i n ou r  experiments .  T h e goa l  i s t o 
assig n a  numbe r  o f  task s ( 6 i n th e example )  t o a  numbe r  o f 
worker s ( 2 i n th e example) ,  satisfyin g a  numbe r  o f  orde r 
constraints .  A  solutio n t o th e exampl e i n figure 1  i s t o assig n 

Prob le m 

There ere 2 workers with 
esc h 6  hour s 
Tesk A  lake s I  hou r 
Task 6  take s 1  hour s 
Task C  take s 2  hour s 
Task D  take s 2  hour s 
Task E  take s 3  hour s 
Task F  take s 3  hour s 
The schedule has to satisfy 
th e followingcohstraint s 
Task C  mus t  b e befor e A 
Task E  mus t  b e befor e B 
Task F  mus t  b e befor e B 
Task D  mus t  b e befor e C 

fl||B 

•  • « • 

c I I " 1 =  1 -

Nfx i  worke r 

9 ^ 
R,.<l u 

C lea r 

Correct ! 

^ 

Figur e 1 :  Exampl e o f  a  schedulin g experimen t 
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D MA t o th e liis t  worker ,  an d l-C B \ o tli c  second .  A n experi -
entia l  strateg y to r  thi s proble m i s t o lak e on e o f  th e con -
straints ,  fo r  exampl e C  mus t  b e befor e A ,  an d assig n the m t o 
a worke r  directl y followin g eac h other ,  s o fo r  exampl e assig n 
C A t o th e firs t  worker .  A  reflectiv e strateg y involve s som e 
inference .  Fo r  example ,  fro m th e fact s tha t  bot h E  an d F  hav e 
t o b e don e befor e B ,  tha t  E  an d F  eac h tak e 3  hours ,  an d tha t 
eac h worke r  ha s onl y 6  hours ,  i t  ca n b e deduce d tha t  E  an d F 
canno t  b e assigne d t o th e sam e worker .  Furthermore ,  sinc e 
eac h worke r  ha s 6  hours ,  eithe r  eac h worke r  get s a  tas k o f  3 , 
2 an d 1  hours ,  o r  on e worke r  get s bot h 3  hou r  task s an d th e 
othe r  th e rest .  Sinc e th e latte r  optio n ha s alread y bee n rule d 
out  b y th e fac t  tha t  E  an d F  can' t  b e assigne d t o th e sam e 
worker ,  th e fonne r  ha s t o b e correct .  W h e n th e subjec t  ha s 
made thes e inference s a  fe w time s fo r  differen t  problems , 
the y ca n becom e par t  o f  th e experientia l  strategy . 

Protoco l  analysi s o f  subject s solvin g thes e problem s sho w 
tha t  al l  subject s star t  wit h a n experientia l  strategy ,  an d onl y 
late r  o n switc h t o a  reflectiv e strategy .  S o i n a  sens e thi s 
reflect s th e explore-impasse-insight-execut e patter n 
describe d i n th e literatur e abou t  insight .  Some ,  bu t  no t  al l  o f 
th e subject s sho w som e sor t  o f  impasse ,  durin g whic h the y 
sto p searching ,  jus t  star e a t  th e scree n fo r  a  minute ,  an d the n 
tr y a  ne w approach .  Furthermore ,  ther e i s n o differenc e 
betwee n th e explor e an d th e execut e stage :  th e subjec t  jus t 
searche s on ,  usin g th e knowledg e gaine d b y reflection . 
Sometime s furthe r  reflectio n i s neede d t o reac h a  solution . 

I n thi s pape r  tw o model s ar e presente d tha t  explor e th e dis -
tinctio n betwee n searc h an d reflection .  Bot h model s ar e 
base d o n Anderson's  theor y o f  rationa l  analysi s (Anderson , 
1990) .  Accordin g t o rationa l  analysis ,  subject s choos e strate -
gie s base d o n a  cost-benefi t  analysis :  th e strateg y tha t  ha s th e 
lowes t  expecte d cos t  an d th e highes t  chanc e o f  succes s i s 
selecte d i n favo r  o f  others .  Th e first  mode l  i s a  dynami c 
growt h model ,  i n whic h th e trade-of f  betwee n searc h an d 
reflectio n i s modele d i n a  course-graine d way .  Dynami c 
model s ar e use d i n developmenta l  psycholog y t o describ e 
developmenta l  paths ,  fo r  instanc e a  mode l  tha t  describe s 
stage-wis e increase s i n knowledg e (Va n Geert ,  1994) .  Th e 
secon d mode l  i s a n ACT- R model ,  i n whic h th e competitio n 
betwee n individua l  strategie s i s modele d o n a  numbe r  o f 
concret e tasks . 

A dynamic growth model 

Why would subjects initially prefer the experiential strategy 
i n th e schedulin g problem ? Th e reflectiv e strateg y seem s t o 
be muc h mor e powerful .  Ther e ar e severa l  reason s fo r  this .  A 
first  reaso n i s tha t  reflectiv e reasonin g take s mor e effort .  T o 
be successful ,  severa l  aspect s o f  th e tas k mus t  b e combine d 
and kep t  i n memory .  Additiona l  knowledg e mus t  b e retrieve d 
fro m memor y an d i t  ma y b e necessar y t o see k analogie s wit h 
othe r  problems .  A  secon d reaso n i s tha t  i t  i s no t  immediatel y 
eviden t  t o th e subjec t  tha t  th e experientia l  strateg y wil l  b e 
unsuccessful .  Th e problem s i n th e experimen t  wer e chose n 
so tha t  th e experientia l  strateg y alon e wouldn' t  work ,  bu t 
subject s didn' t  kno w this .  S o wh y no t  tr y th e strateg y whic h 
take s th e leas t  effor t  first?  A  thir d reaso n is ,  tha t  a s a  subjec t 
start s wit h a  ne w typ e o f  problem ,  h e ha s onl y rea d instruc -
tion s an d ha s mayb e see n a n exampl e problem .  S o h e first 

has t o lear n th e basi c rule s an d operator s b y experience , 
befor e h e ca n attemp t  an y highe r  leve l  strategies . 

The model 

According to rational analysis strategies are chosen with 
respec t  t o thei r  expecte d outcome ,  accordin g t o th e followin g 
equation : 

Expected outcome of strategy.? = P^G - C^ 

In this equation, P is the estimated chance of reaching the 
goal  usin g thi s strategy ,  G  i s th e expecte d valu e o f  th e goal , 
and C  i s th e estimate d cos t  o f  reachin g th e goa l  usin g thi s 
strategy . 

The mode l  wil l  attemp t  t o predic t  ho w searc h an d reflec -
tio n wil l  alternat e whil e solvin g a  problem .  Thi s mode l  i s 
quit e course-graine d i n th e sens e tha t  th e knowledg e o f  th e 
syste m wit h respec t  t o a  certai n tas k i s summarize d i n tw o 
variable s L ,  an d Z-j .  /. ,  i s  a  measur e fo r  th e amoun t  o f 
basi c task-knowledg e i n th e model ,  fo r  exampl e i n th e cas e 
of  th e schedulin g tas k a n operato r  t o ad d a  tas k t o a n existin g 
pla n an d knowledg e t o judg e whethe r  a  solutio n i s correct . 
Lj  correspond s t o th e amoun t  o f  higher-leve l  knowledg e i n 
th e system ,  fo r  exampl e th e fac t  tha t  i t  i s a  goo d ide a t o loo k 
ho w th e task s ad d u p t o th e amoun t  o f  tim e th e worker s hav e 
available .  I f  a  subject s start s wit h a  ne w problem ,  w e assum e 
tha t  bot h variable s hav e a  smal l  value .  The y ca n howeve r 
increase ,  becaus e th e subjec t  build s u p knowledg e whil e 
proble m solving .  Th e assumptio n o f  th e mode l  wil l  be ,  tha t 
searc h wil l  increas e th e amoun t  o f  basi c knowledge ,  repre -
sente d b y L |  ,  an d reflectio n wil l  increas e th e amoun t  o f 
higher-leve l  knowledge ,  represente d b y L j .  Th e followin g 
equation s sho w ho w L ,  an d L j  gro w i n time ,  an d ar e base d 
on th e equatio n use d b y Va n Geer t  (1994) : 

I f  th e strateg y i n ste p i- l  i s search : 

L,(/ )  =  /,,(,-l )  +  /?,l-_ i 

els e L ,  keep s it s value ,  s o L,(/ )  =  L,(i -  1) .  /? ,  i s  a  con -
stan t  tha t  control s th e rat e o f  growth ,  an d L^^^ ^  i s th e maxi -
m um possibl e valu e fo r  L ,  Th e fractio n a t  th e en d o f  th e 
equatio n ensure s tha t  L ,  doesn' t  excee d it s max imu m value . 

The equatio n fo r  L j  ' s  slightl y mor e complicated ,  becaus e 
th e increas e i n valu e depend s o n th e curren t  valu e o f  L^ :  w e 
can onl y gai n higher-leve l  knowledg e i f  w e hav e enoug h 
basi c knowledge . 

I f  th e strateg y a t  ste p i- l  i s reflection : 

L M)  =  L2(i-l )  +  5 , ,L , ( , - l ) i -
L^(i-l) \ 

els e LjC O =  ^2(' ~ ' )  •  Again ,  L2„u x ' ^  ̂^ ^  max imu m possi -
bl e valu e fo r  L j  •  Th e constan t  5, 2 (support )  control s th e 
influenc e o f  basi c knowledg e o n th e increas e o f  highe r  leve l 
knowledge . 

Whethe r  th e strateg y a t  ste p /  wil l  b e searc h o r  reflectio n i s 
determine d b y thei r  respectiv e expecte d outcomes : 

Expected outcome of search = P„<„,a(') ' ^ - C„„,^a 
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Expecte d outcom e o f  reflectio n =  P ^ •̂ f •C -C , „ ; ( 0 

The strateg y wit h th e highes t  expecte d outcom e wil l  o f 
cours e b e chosen .  I n thes e equation s G ,  Ĉ ^̂ ^̂ .f ^  an d P̂ ^ j 
ar e constants ,  bu t  P.̂ urch '̂ )  ̂^ ^  C'„^(i )  wil l  var y i n time . 

Th e chanc e tha t  searc h wil l  reac h th e goa l  i s  dependen t  o n 
th e amoun t  o f  knowledg e an d th e curren t  evaluatio n o f  thi s 
knowledge : 

searc h (0 = 
L,(0P,( 0 +  H>L-,(/)/'2(' ) 

The w  constan t  determine s h o w m u c h mor e usefu l  higher -
orde r  knowledg e i s wit h respec t  t o basi c knowledge .  P ,  ( 0 i s 
th e contributio n t o th e chanc e o f  succes s o f  leve l  1  knowl -
edge ,  an d /"jC O th e contributio n o f  leve l  2  knowledge .  Th e 
chance s o f  succes s increas e a s knowledg e increases ,  bu t 
decreas e ove r  tim e i f  th e goa l  i s  no t  reached .  Bot h P^(i )  an d 
PjC' )  ca n b e calculate d using : 

Pj( 0 =  Pu , 
L f i - \ ) P . { i - \ )  +  L.{i)-L.(i-\ )  _ 

'eca y Lj(i ) 
;(y=i,2 ) 

Pdecay ^present s th e deca y i n chanc e o f  success ,  an d ha s 
typica l  value s betwee n 0.9 5 a n 0.9 9 i f  th e strateg y i n ste p / 
was searc h an d th e goa l  hasn' t  bee n reached .  Otherwis e 

Pdecay =  '  • 
The cos t  o f  reflectio n depend s o n tw o factors :  th e cos t  i s 

highe r  i f  ther e i s les s basi c knowledge ,  an d th e cos t  i s  highe r 
i f  ther e i s alread y a  lo t  o f  highe r  leve l  knowledge : 

Cref( n =  C,,,, + •' I  max 
y ^LA i ) 

L2(i) \ 

Îmax- ' 

Finall y w e hav e t o sa y somethin g abou t  time ,  sinc e w e hav e 
talke d abou t  "steps "  i n th e previou s discussion .  Eac h ste p 
take s a n amoun t  o f  tim e whic h ca n vary .  So ,  followin g th e 
A C T - R intuitio n tha t  cos t  an d tim e ar e relate d t o eac h other , 
we tak e th e estimate d cos t  o f  th e strateg y a t  ste p i  a s th e 
amount  o f  tim e ste p (takes : 

T{i) = 7-(,-l) + C(() 

where C{i) is either C^^^^^^ or C^^j(i), dependent on the 
strateg y a t  ste p / . 

Results 

If we choose appropriate constants and starting values for the 
variable s describe d above ,  w e ca n calculat e th e increas e i n 
knowledg e ove r  time .  Not e tha t  th e mode l  assume s tha t  th e 
goal  i s  neve r  reached ,  s o th e result s simulat e a  subjec t  tha t 
neve r  succeed s i n reachin g th e goal .  Figur e 2  show s th e 
valu e o f  L |  an d L ^  wit h respec t  t o T  T h e correspondin g 
evaluation s fo r  searc h an d reflectio n ar e show n i n figur e 3 . 
At  th e star t  o f  th e task ,  searc h i s superio r  t o reflection ,  bu t  a s 
searc h fail s t o find  th e goal ,  an d th e basi c (leve l  1 )  knowl -
edg e increases ,  reflectio n become s mor e an d mor e attractiv e 
up t o th e poin t  (a t  T = 1 2 7 )  wher e reflectio n win s fro m search . 
Sinc e reflectio n lead s t o a n increas e o f  leve l  2  knowledge , 
searc h become s agai n mor e attractiv e (usin g th e newl y 
gaine d knowledge) ,  an d sinc e th e cos t  o f  reflectio n increase s 

10 T Leve l  1  knowledg e 

S> 8- -

Leve l  2  knowledg e 

100 200 300 400 

tim e (sec ) 

Figure 2: Value of level I and level 2 knowledge for G=20 

expecte d outcom e fo r  searc h 

- 5 

-10 

0/ 
./ 
/  expecte d outcom e fo r  reflectio n 
'  • 

tim e (sec ) 

400 

Figur e 3 :  Evaluation s o f  searc h an d reflectio n fo r  G = 2 0 

with the amount of level 2 knowledge already present, reflec-
tio n become s les s attractive .  A s a  resul t  searc h wil l  agai n 
dominat e fo r  a  while ,  u p t o T = 3 8 5 wher e reflectio n win s 
again .  W e assum e proble m solvin g continue s unti l  bot h 
expecte d outcome s dro p belo w zero ,  sinc e the n neithe r  strat -
egy ha s a  positiv e expecte d outcome .  I n th e exampl e thi s i s 
th e cas e a t  T=510 . 

Figur e 2  an d 3  sho w th e result s o f  th e mode l  fo r  G = 2 0 .  A s 
noted ,  G  i s th e valu e o f  th e goal .  S o usin g a  lowe r  valu e fo r 
G correspond s t o th e fac t  tha t  a  subjec t  value s reachin g th e 
goa l  less ,  o r  th e fac t  tha t  a  subjec t  i s  les s motivated .  I f  w e 
calculat e th e mode l  fo r  G = 1 5 w e ge t  th e result s a s depicte d 
i n figur e 4  an d 5 .  T h e resul t  i s  tha t  reflectio n occur s onl y 
once ,  an d late r  (a t  T=203) .  Furthermore ,  a t  T = 3 6 3 bot h eval -
uation s dro p belo w zero ,  s o a  les s motivate d individua l  give s 
up earlier .  I f  G  i s furthe r  decrease d t o 12 ,  n o reflectio n a t  al l 
take s place ,  an d th e give-u p poin t  i s  a t  T=237 . 

Discussion 

The dynamic growth model nicely describes the phenomena 
aroun d insigh t  i n th e literatur e an d i n ou r  experiments .  Fur -
thermore ,  i t  explain s w h y thi s behavio r  i s rational .  I t  als o 
predict s change s i n strateg y du e t o motivationa l  factors .  I t 
howeve r  pose s ne w questions .  W h a t  i s th e natur e o f  th e basi c 
and higher-leve l  knowledge ? H o w wil l  th e mode l  behav e i f 
th e goa l  i s  reache d a t  som e point ? W h a t  mechanis m i s 
responsibl e fo r  gainin g n e w knowledge ,  an d h o w i s i t  repre -
sented ? Th e secon d mode l  w e wil l  discus s i n thi s pape r  wil l 

729 



10 T 
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Level  1  knowledg e 

Level  2  knowledg e 

-+- •+-
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1 
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Figure 4; Value of level 1 and level 2 knowledge for G=I5 

"insight " 
expecte d outcom e fo r  searc h 

400 

I  expecte d outcom e fo r  reflectio n 
-1° +/ H. 

tim e (sec ) 
-1 5 - ^ 

Figure 5: Evaluations of search and reflection for G=15 

address some of these questions. This model can be seen as a 
m o r e detaile d versio n o f  th e dynami c growt h model . 

An ACT-R model of learning and revising task-

specifi c  k n o w l e d g e 

ACT-R is an architecture of cognition developed by Ander-
so n an d hi s colleague s (Anderson ,  1993 ;  Lebiere ,  1996) , 
base d o n th e theor y o f  rationa l  analysis .  A C T - R ha s tw o lon g 
ter m memor y stores ,  a  declarativ e memory ,  wher e knowl -
edg e i s represente d usin g a  frame-lik e representation ,  an d a 
procedura l  memory ,  wher e knowledg e i s represente d b y pro -
ductio n rules .  O n e o f  th e ingredient s tha t  A C T - R use s fo r 
conflic t  resolutio n i s th e expecte d outcom e o f  a  productio n 
rule ,  i n th e sam e manne r  a s describe d i n th e previou s section . 
So i f  severa l  productio n rule s ca n fire ,  th e rul e wit h th e high -
est  P G - C wil l  generall y wi n th e competition .  Alon g wit h 
th e rul e th e histor y o f  successe s an d failure s an d th e pas t 
cost s o f  a  rul e ar e maintaine d t o b e abl e t o calculat e it s 
expecte d outcome . 

I n th e A C T - R architecture ,  ne w productio n rule s ca n b e 
learne d b y th e analog y mechanism .  I t  involve s generaliza -
tio n o f  example s i n declarativ e memor y wheneve r  a  goa l 
turn s u p tha t  resemble s th e example .  Th e example s ar e 
store d i n specialize d element s i n declarativ e memory ,  depen -
denc y chunks ,  tha t  contai n al l  th e informatio n needed :  a n 
exampl e goal ,  a n exampl e solution ,  fact s (calle d constraints ) 
tha t  nee d t o b e retrieve d fro m declarativ e memor y t o creat e 

th e solution ,  an d sometime s additiona l  subgoal s tha t  mus t  b e 
satisfie d befor e th e solutio n applies . 

Althoug h th e A C T - R theor y specifie s ho w ne w productio n 
rule s ar e generate d fro m examples ,  i t  doe s no t  specif y wher e 
th e example s com e from .  Bu t  sinc e example s ar e jus t  ele -
ment s i n declarativ e memory ,  the y ca n b e create d b y produc -
tio n rules .  I f  w e giv e a  subjec t  a  ne w task ,  h e wil l  generall y 
hav e n o task-specifi c  rule s fo r  th e task ,  bu t  wil l  hav e t o rel y 
on genera l  rule s t o acquir e them .  S o th e schem a t o produc e 
task-specifi c  productio n rule s wil l  b e a s i n figur e 6 . 

procedura l 
memory 

declarativ e 
memory 

Genera l  rule s 

_ _ X 
X y 

Task-specifi c 

rule s 

/ 

Dependencie s 

/ _ _ _ 

Figur e 6 :  H o w t o lear n n e w productio n rule s i n A C T - R 

The general rules themselves need of course information 
t o wo r k with .  Severa l  source s o f  informatio n m a y b e avail -
able ,  whic h mus t  b e presen t  i n declarativ e m e m o r y ,  sinc e 
productio n rule s canno t  directl y inspec t  othe r  productio n 
rules .  Possibl e source s o f  informatio n are : 

Tas k instruction s an d example s 
Relevan t  fact s an d biase s i n declarativ e m e m o r y 

-  Feedbac k 
-  Ol d goal s an d dependencie s fo r  th e s a m e proble m 

A s bot h genera l  an d task-specifi c  rule s ar e i n a  constan t  c o m -
petitio n wit h eac h other ,  the y pla y th e s a m e rol e a s th e searc h 
an d reflectio n strategie s i n th e dynami c growt h model .  I f 
A C T - R use s task-specifi c  rules ,  thi s correspond s t o a  search -
lik e strategy ,  an d w h e n i t  use s genera l  rules ,  thi s correspond s 
t o reflection .  S o ther e i s n o rea l  differenc e i n A C T - R perfor -
m a n ce betwee n searc h an d reflection ,  excep t  tha t  genera l 
rule s wil l  ofte n retriev e m o r e low-activate d element s fro m 
declarativ e m e m o r y ,  whic h m a k e s the m slo w an d expensive . 
Sinc e usin g genera l  rule s ha s a  highe r  cost ,  task-specifi c 
rule s wil l  w i n th e competitio n i f  the y prov e t o lea d t o suc -
cess . 

The model 

In Taatgen (1996) an example of a model that learns its own 
task-specifi c  rule s i s described .  I t  use s tw o set s o f  genera l 
rules ,  on e tha t  create s a n exampl e o f  retrievin g a  certai n 
propert y o f  th e task ,  an d on e tha t  create s a n exampl e o f  com -
binin g th e tas k wit h a  fac t  i n a n attemp t  t o predic t  th e 
answer .  Th e exampl e tas k i s a  bea m wit h bot h weight s an d 
label s o n eac h ar m (figur e 7) .  Onl y th e weight s hav e an y rel -
evanc e t o th e outcome .  Th e strategie s tha t  d o th e tas k ar e 
depicte d i n figure  8  an d figure  9 .  T h e property-retrieva l  strat -
eg y create s a n exampl e o f  retrievin g on e o f  th e availabl e 
properties ,  i n th e cas e o f  th e b e a m weigh t  o r  label .  T h e 
exampl e wil l  b e compile d int o a  productio n rul e b y ACT-R ' s 
analog y mechanism .  I f  th e n e w rul e doesn' t  lea d t o success -
fu l  predictions ,  whic h i s th e cas e w h e n labe l  i s  selected ,  it s 
evaluatio n wil l  dro p unti l  i t  lose s th e competitio n wit h th e 
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Figur e 7 ;  T h e b e a m task . 
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F i g u r e 8 :  T h e p r o p e r t y - r e t r i e v a l  s t r a t e g y 
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F i g u r e 9 :  T h e find-fact-on-feedback  s t r a t e g y 

general rule that wants to create a new example. The second 
strategy ,  find-fact-on-feedback,  i s  demonstrate d i n figure  9 . 
I f  th e mode l  ha s decide d i t  wil l  retriev e th e weights ,  i t  stil l 
canno t  predic t  a n answer ,  becaus e i t  doesn' t  eve n k n o w wha t 
th e availabl e answer s are .  S o a  " I  don' t  k n o w "  productio n 
fires,  afte r  wh ic h th e environmen t  hopefull y wil l  giv e s o m e 
feedback .  Suppos e w e hav e a  chil d facin g a  rea l  b e a m ,  i t  ca n 
se e tha t  th e answe r  i s  "left "  T h e strateg y the n trie s t o find 
s o me fac t  i n declarativ e m e m o r y tha t  ca n hel p t o predic t  th e 
answer .  Thi s ca n b e a n arbitrar y fact ,  bu t  sinc e "beam" ,  " 2 " , 
" 3 "  an d "left "  ar e al l  par t  o f  th e goal ,  A C T - R ensure s tha t 
fact s containin g thes e elements ,  o r  havin g association s wit h 
them ,  ar e likel y candidates .  S o 3  is-greater-tha n 2  i s a  possi -
bl e candidate ,  particularl y i f  ther e i s  alread y a n associatio n 
betwee n b e a m an d greater-than ,  i.e .  th e chil d alread y k n o w s 
tha t  b e a m s hav e somethin g t o d o wit h th e fac t  tha t  on e thin g 
i s greate r  tha n another . 

Results 

Simulations of the model, discussed in detail in Taatgen 
(1996) ,  s h o w tha t  i t  ca n indee d infe r  th e correc t  rule s fo r  th e 
b e a m task .  I f  th e m o d e l  alread y ha s a n associatio n betwee n 
b e a ms an d weigh t  an d be twee n b e a m s an d greater-than ,  th e 
correc t  rule s ca n b e inferre d usin g onl y a  fe w examples .  I f 

th e m o d e l  ha s n o prio r  association s a t  all ,  i t  m a y nee d a s 
m u ch a s 4 0 examples ,  an d i n s o m e run s i t  canno t  eve n find 
th e correc t  rule s a t  all . 

W h en th e m o d e l  start s ou t  wit h a  w r o n g hypothesis ,  fo r 
examp l e tha t  th e label s hav e t o b e use d t o predic t  th e out -
c o m e ,  i t  s h o w s a  behavio r  simila r  t o th e explore-impasse -
insight-execut e scheme :  i t  first  learn s a  lo t  o f  irrelevan t  rule s 
t o predic t  th e answe r  usin g th e labels ,  the n reache s a  stag e i n 
wh ic h i t  trie s t o explai n a  singl e e x a m p l e ove r  a n d ove r  agai n 
bu t  fail s i n doin g this ,  afte r  wh ic h i t  reject s th e rul e tha t 
examine s th e labels ,  create s a  rul e tha t  examine s th e weights , 
an d quickl y derive s th e res t  o f  th e rule s neede d withi n a  f e w 
trials .  Figur e 1 0 s h o w s a n estimatio n o f  th e t im e spen t  a t 

CM C^  -a -  IT )  CO 
Tria l  relativ e t o "insight " 

Figure 10: Estimated time spent at each trial before and after 
th e "insight "  tria l 

each trial before and after the moment the model creates the 
rul e t o e x a m i n e we igh t  instea d o f  label . 

Same model, other task: discrimination-shift 

Another interesting property of the model is that its rules are 
general ,  an d ca n b e applie d t o othe r  tasks .  A  tas k tha t  ca n b e 
modele d usin g th e sam e productio n rule s i s discrimination -
shif t  learnin g (Kendle r  &  Kendler ,  1959) .  Figur e 1 1 show s 
an exampl e o f  thi s task ;  subject s hav e t o lear n t o discrimi -
nat e th e fou r  stimul i  i n tw o reinforcemen t  categories ,  fo r 
exampl e whit e i s positiv e an d blac k i s negative .  Afte r  th e 
subject s ha s mad e 1 0 consecutiv e correc t  predictions ,  th e 
reinforcemen t  schem e i s changed :  eithe r  a  reversal-shift ,  i n 
whic h al l  stimul i  tha t  receive d previou s positiv e reinforce -

Figur e 11 :  Exampl e o f  discrimination-shif t  learnin g 
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meri t  ge t  negativ e reinforcemen t  an d vice-versa ,  o r  a n extra -
dimensiona l  shift ,  i n whic h th e dimensio n i s change d o n 
whic h th e reinforcemen t  i s given ,  i n th e exampl e fro m whit e 
t o large .  I t  turn s ou t  tha t  adult s an d olde r  childre n ar e faste r 
at  learnin g th e reversal-shif t  condition ,  whil e youn g childre n 
and animal s ar e faste r  a t  th e extra-dimensiona l  shift .  Figur e 
12 show s th e result s o f  a n experimen t  b y Kendle r  an d Ken -
dle r  (1959) .  Th e A C T - R mode l  o f  adul t  behavio r  use s th e 

25 

"8 

10 
.2 

learnin g childre n 

Slo w learnin g childre n 

+ -+-
reversa l  extra-dimensiona l 

Figure  12; Trials needed to learn the discrimination-shift 

same 8  productio n rule s a s use d i n th e beam-task ,  imple -
mentin g th e property-retrieva l  an d find-fact-on-feedback 
strategies .  Th e small-child/anima l  mode l  use s onl y 2  o f  th e 8 
productio n rules ,  implementin g a  limite d find-fact-on-feed-
bac k strategy .  Th e result s o f  thes e model s ar e show n i n fig -
ur e 13 .  Althoug h th e model s d o no t  mimi c th e subject s 
result s precisely ,  th e genera l  effect s ar e i n th e sam e direc -
tion . 

"Adult "  mode l 

"Child "  mode l 

reversa l extra-dimensiona l 

Figur e 13 :  Result s o f  th e A C T - R mode l  o n th e discrimina -
tion-shif t  tas k 

Despite the fact that the discrimination-shift task is gener-
all y no t  considere d t o b e a n insigh t  problem ,  i t  nevertheles s 
require s th e subjec t  t o notic e tha t  somethin g ha s changed , 
and t o discove r  th e ne w relations .  S o i t  ca n b e seen ,  i n a 
sense ,  a s a n elementar y insigh t  problem . 

Discussion 

The ACT-R model addresses some of the questions posed by 
th e dynami c growt h model .  A C T - R itsel f  alread y answer s 
some o f  th e questions :  h o w knowledg e i s represented ,  an d 
what  th e effect s o f  succes s o r  failur e are .  Th e questio n ho w 
ne w knowledg e ca n b e acquire d isn' t  full y  answere d b y th e 
A C T - R theory .  Th e mode l  presente d her e i s a n attemp t  t o 
suppl y th e firs t  step s t o a n answer ,  sinc e th e strategie s imple -
mente d i n th e mode l  ca n lear n severa l  differen t  tasks .  Th e 
discrimination-shif t  mode l  i s interestin g i n th e sens e tha t  i t 

shows tha t  a n adul t  mode l  ca n b e change d int o a  chil d mode l 
onl y b y deletin g som e production s rules .  Thi s show s tha t  th e 
genera l  rule s themselve s aren' t  hard-wired ,  bu t  mus t  b e 
learne d a s well ,  perhap s usin g th e sam e mechanism s a s 
neede d fo r  task-specifi c  knowledge .  S o a  nex t  ste p wil l  b e t o 
find  ou t  wha t  othe r  genera l  rule s peopl e employ ,  an d ho w 
genera l  rule s themselve s ca n b e learned . 

Conclusions 

So, what should we do when we have to solve a new prob-
lem ? Jus t  searc h fo r  a  solutio n o r  jus t  thin k har d an d hop e fo r 
an insight ? Accordin g th e dynami c growt h model ,  th e mos t 
rationa l  thin g t o d o i s a  prope r  alternatio n o f  th e two .  Th e 
model  allow s manipulatio n o f  severa l  parameters ,  lik e th e 
valu e o f  th e goa l  a s ha s bee n discussed .  Bu t  othe r  parameter s 
ca n b e change d a s well ,  fo r  instanc e th e amoun t  o f  prio r 
knowledge ,  importanc e o f  leve l  2  knowledge ,  etc. ,  allowin g 
fo r  ne w predictions . 

The ACT- R mode l  show s ho w aspect s o f  th e dynami c 
growt h mode l  ca n b e implemente d usin g rea l  knowledg e 
representation s instea d o f  variables .  Althoug h bot h knowl -
edg e neede d fo r  reflectio n an d fo r  searc h ar e represente d b y 
productio n rules ,  ther e ar e difference s betwee n th e two : 
reflectio n knowledg e i s general ,  an d i s relativel y costl y t o 
use ,  an d searc h knowledg e i s task-specifi c  an d cheap ,  bu t 
possibl y insufficien t  t o reac h th e goal . 
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