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Ab.stiact 
The ubiquitou s power-la w o f  practic e ha s bee n a  touch.-̂ ton e o f  coŝ nitiv e modeU.  I t  predict s 

tha t  th e >pee d o f  performaac e o f  a  ta> k wil l  improv e a > th e powe r  o f  th e numbe r  o f  time s tha t 
th e tas k i ^  performed .  I n thi > pape r  w e deriv e th e posver-lav v fro m a  tjrap h d\namica l  theor y o f 
learnin g b y considerin g change ^  i n ptoblem->pac e î iap h topolog y du e t o th e additio n o f  operators , 
and alteration s i n th e decision-procedur e u>e d t o decid e whic h operato r  t o appl y a t  a  particuhu -
step .  Th e genera l  approac h o f  applyin g dynamica l  principle.- ^  t o cognitiv e problem s hold s muc h 
promis e i n unifyin g other '  area s o f  learnin g an d intelligen t  activity . 

Keywords :  Learning ,  Chunking .  Macr o Operato r  Formation .  Power-La w Speedup .  Problem-Solving , 

Practice . 

1 Introduction 

The power-law of practice (i.e., Grossman, 1956. and many othersi predicts that the speed of per-

formanc e o f  a  tas k wil l  improv e a s th e powe r  o f  th e numbe r  o f  time s tha t  th e tas k i s performed . 

Thi s appear s t o b e a  ubiquitou s propert y o f  huma n learning ,  an d ha s bee n a  touchston e o f  cognitiv e 

model s suc h a s S O A R (e.g. .  Laird ,  Rosenbloom .  &  Newell ,  1986 i  an d A C T (Anderson ,  1983» .  I n 

thi s pape r  w e deriv e th e power-la w o f  learnin g fro m a  grap h dynamica l  theor y (Huberma n &  Hogg , 

1987) .  Thi s la w result s fro m change s i n problem-spac e grap h topolog y du e t o th e additio n o f  opera -

tors ,  an d alteration s i n th e decision-procedur e use d t o decid e whic h operato r  t o appl y a t  a  particula r 

step . 

We begi n b y describin g a  simpl e "Bi t  Game"  whic h wil l  b e use d i n ou r  e.xperiments .  W e the n 

sketc h th e derivatio n o f  th e power-la w fo r  operato r  additio n an d decision-procedur e improvement . 

Next ,  w e verif y ou r  approac h b y compute r  simulation s o f  th e Bi t  G a me whic h isolat e th e relevan t 

feature s o f  th e theory .  Finally ,  w e discus s th e importanc e o f  thi s approac h t o modelin g learning , 

and briefl y contras t  i t  wit h existin g account s o f  power-la w improvement . 

2 The Bit Game 

Many tasks can be viewed as the search for a path through a problem-space graph, where nodes 
represen t  state s o f  th e proble m an d link s represen t  operator s tha t  mov e betwee n state s i  Newel l  & 
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Simon .  1972» .  I n orde r  t o illustrat e th e processe s o f  lea i  riin̂ .  an d \erif y th e theorv .  w e conside r  a 

simpl e proble m calle d th e "Bi t  Game"  whic h i s analoĵ ou s t o man v well-define d problems .  Iiu t  ha > a 

simpl e problem-space .  A  proble m stat e i n th e Bi t  G a me i s a  //-bi t  binar v vecto r  'as :  UlOlU i  W e wil l 

generall v us e a  five-bi t  vecto r  i n thes e e.xamples .  A  "trial "  begin s fro m a n arbitrar y initia l  -'tate . 

sav :  00000 .  an d th e "oa l  i s  t o chang e tha t  stat e t o som e othe r  arbitrar v vector ,  say :  11111 . 

Each operato r  i s compose d o f  fro m 1  t o H  element s indicatin g a  particula r  bi t  i n th e vecto r  whic h 

shoul d b e flipped  i f  i t  matche s i n th e curren t  state .  Operator s onl y --pecif v th e bit s i n th e stat e whic h 

actuall y change .  Operator s ca n b e writte n a s "patter n •  result "  pairs ,  wit h question-mark s '"'!" ' 

wher e th e operato r  patter n sav s nothin g abou t  a  particula r  bi t  position .  Th e operato r  "'.'I'M ? •  .'0?0'.' " 

wil l  tak e th e state :  IIOI O t o lOOOO.  o r  th e state :  1 1 H I  t o 10101 .  bu t  wil l  no t  appl y t o th e state : 

0000 0 becaus e th e indicate d bit s ar e no t  ones . 

Operator s var v i n thei r  generalitv .  Th e one-elemen t  operators ,  suc h as :  "0??? ? •  I''.''.'?" ,  appl y 

t o 1 6 states :  (00000 .  00001 .  00010 .  .. .  Olllli .  an d s o connec t  togethe r  .3 2 node s i n th e spac e o f  al l 

states .  W e begi n playin g th e Bi t  G a me wit h al l  th e I'iW i  one-bi t  operator s 110 .  i n th e cas e o f  a  5-bi t 

gamei .  Thi s se t  form s th e £?-dimensiona l  hypercub e an d completel y connect s th e space . 

The numbe r  o f  link s traverse d o n a  tria l  li.e. .  th e numbe r  o f  step s require d t o fin d th e goa l  stat e 

fro m th e initia l  state i  measure s performance .  A  serie s o f  trials ,  beginnin g wit h a  commo n initia l 

problem-spac e an d wit h learnin g betwee n eac h trial ,  wil l  b e calle d a  problem-solvin g "run "  Whe n 

ther e ar e severa l  applicabl e operator s pe r  step ,  a  decision-procedur e i s use d t o choos e one .  Ther e 

ar e man y reasonabl e way s t o decid e amon g differen t  operators .  Fo r  certai n organization s o f  opera -

tor s an d choice s o f  initia l  an d goa l  states ,  som e o f  thes e decision-procedure s ar e mor e effectiv e tha n 

others . 

2.1 Adding Operators 

After a trial is completed, learning may take place in one of the two ways: either by changing the 

problem-spac e b y addin g operator s Minks) ,  o r  b y changin g th e decision-procedure .  Fo r  example , 

S O AR (Laird ,  e t  al. ,  1986 i  add s ne w operator s whic h summariz e th e result s o f  sub-problem-solving . 

I n th e Bi t  G a me w e ad d th e operato r  tha t  mos t  generall y summarize s th e solutio n o f  th e gam e jus t 

played .  Tha t  is ,  suppos e w e begi n wit h thi s game :  01110i^>10l0l ,  an d fin d a  solution .  W e ca n gai n 

th e effec t  o f  summarizin g th e 'subproblem-solving '  fo r  tha t  gam e b y formin g th e operato r  tha t  wil l 

solv e thi s gam e i n on e step .  Tha t  is ,  fo r  thi s cas e w e ad d th e operator :  "Ol'.'l O •  lO'.'Ol "  becau.s e i t  i s 

th e mos t  genera l  operato r  tha t  wil l  solv e thi s gam e i n on e step .  Notic e tha t  th e ".' "  elemen t  o f  thi s 

operato r  appear s becaus e th e thir d bi t  di d no t  chang e betwee n th e initia l  an d goa l  stat e i n thi s trial . 

and .s o thi s ne w operato r  connect s togethe r  tw o pair s o f  state s i n th e problem-space . 

2.2 Improving the Decision-Procedure 

Decision-procedures can be arbitrarily complicated algorithms, and can be changed in complex and 

arbitrar v ways ,  leadin g t o entirel y differen t  problem-solvin g behavior .  Generally ,  however ,  a  decision -

procedur e i s onl y radicall y change d i n th e fac e o f  som e ne w insigh t  int o th e proble m structure .  With -

out  suc h a n extrem e chang e i t  onl y make s sens e t o eithe r  slowl y var y th e parameter s controllin g th e 

decision-procedur e i n orde r  t o tr v t o hill-clim b int o a  best-solutio n mode ,  o r  t o var y the m randomly . 

hopin g t o discove r  a  goo d decision-procedur e serendipitiousl y W e conside r  changin g betwee n a  ver y 

bad ('poor" i  decisio n procedure ,  an d a  ver y goo d '"optimal" )  one . 

The optimal "  decision-procedur e find s th e fastes t  wa v t o th e goal .  Fo r  eac h operato r  tha t  ca n 

appl y i n th e curren t  stat e on e ca n as k ho w man y o f  th e goa l  bit s wil l  b e correctl y se t  i f  tha t  rul e 

469 

file:///erify
http://becau.se


S h r a g e r ,  H o g g ,  &  H u b e r m a n -  Power -La w Lea rn in g 

wer e applied .  W e the n randoml y choos e a n operato r  fro m amons i  th e one s tha t  scor e highes t  o n thi s 

measure . 

The "poor "  decision-procedur e i s a  rando m wal k wit h a  1-pl y lookahead :  W e searc h a t  rando m 

unti l  w e ar e one-ste p awa y fro m th e .îoal .  an d the n tak e tha t  on e ste p directl v t o th e ̂ oal .  Sinc e 

as operator s ar e adde d t o th e problem-spac e i t  become s mor e connected ,  on e ha s t o d o les s rando m 

searc h i n orde r  t o ru n int o a  pat h leadin̂ ^  t o th e goal ,  bu t  i t  i s  als o easie r  t o '̂e t  of f  th e path . 

3 Analysis 

In this section we derive the behavior to be e.xpected from the addition of new operators and improve-

ment s i n loca l  decision-procedure .  A  proble m spac e consist s o f  a  connecte d graph .  C .  wit h n  node s 

representin g variou s proble m states ,  an d link s representin g instance s o f  possibl e operators .  W e 

no w sho w tha t  learnin g du e t o th e additio n o f  link s i n th e graph ,  o r  improvement s i n th e decision -

procedure ,  lea d t o a  gradua l  reductio n i n pat h length s wit h a  correspondin g gradua l  improvemen t 

i n performanc e whic h i s a n power-la w o f  th e numbe r  o f  trials . 

We ar e intereste d i n learnin g behavio r  fo r  situation s involvin g a  larg e numbe r  o f  state s an d 

typica l  proble m space s rathe r  tha n an y specifi c  one .  Thi s ca n b e elucidate d b y assumin g tha t  th e 

initia l  se t  o f  operator s ar e distribute d a t  random ,  an d tha t  ne w link s ar e adde d independentl y o f 

one another .  Alternatively ,  instea d o f  a  specifi c  numbe r  o f  links ,  w e ca n assum e tha t  th e link s be -

twee n eac h pai r  o f  state s eac h exis t  wit h independen t  probabilit y  p .  Althoug h suc h a  probabilisti c 

descriptio n appear s t o diffe r  fro m th e cas e o f  a  fi.xed  numbe r  o f  operators ,  th e resultin g propertie s 

ar e know n t o b e th e sam e whe n larg e graph s ar e involve d (Bollobas .  19851 .  Moreover ,  thi s approac h 

simplifie s th e mathematica l  derivations .  A s ne w operator s ar e learne d durin g th e trials ,  p  wil l  cor -

respondingl y increase .  Notic e tha t  p  mus t  b e greate r  tha n (L n n)/ n fo r  th e grap h t o b e completel y 

connected . 

Similarly ,  t o explor e th e rang e o f  decision-procedure s tha t  li e betwee n th e optima l  decision -

procedur e an d th e rando m wal k w e us e a  simpl e descriptiv e mode l  o f  th e effectivenes s o f  th e decision -

procedur e i n which ,  a t  an y nod e durin g th e searc h fo r  th e goal ,  eac h unproductiv e lin k i s eliminate d 

wit h probabilit y  L  -  p .  Improvement s i n th e decision-procedur e correspond s t o a  decreas e i n p  an d 

chang e th e proble m fro m a n exponentia l  rando m wal k t o a  linea r  drif t  towar d th e goa l  iHuberma n 

& Hogg ,  1987) .  Thi s probabilisti c  mode l  de.scribe s th e behavio r  o f  th e algorith m whe n applie d t o 

many decisions ,  bu t  doe s no t  necessaril y  requir e tha t  choice s b e mad e randomlv .  Not e tha t  p  -  i l 

correspond s t o a  perfec t  decision-procedur e i n whic h searc h an d backtrackin g ar e neve r  required . 

whil e p  -  1  correspond s t o a  rando m wal k o n th e graph .  W e assum e tha t  p{T )  an d p{T )  ar e give n 

function s o f  th e numbe r  o f  complete d trial s T  an d investigat e th e consequence s o f  thei r  changes . 

That  is ,  w e wan t  t o obtai n a n expression .  s{T) ,  relatin g th e expecte d numbe r  o f  steps ,  5 ,  require d t o 

obtai n a  solutio n t o th e numbe r  o f  trial s f  71 . 

To obtai n a n explici t  expressio n fo r  . s i n term s o f  p  an d p .  w e conside r  a  simplifie d mode l  whic h 

incorporate s th e essentia l  feature s o f  problem-solving .  First ,  w e a>sum e tha t  al l  node s o f  th e grap h 

hav e th e averag e numbe r  o f  link s p  ( n I  )p .  Thus ,  w e ar e lef t  wit h a  regula r  grap h o f  n  node s 

and unifor m branchin g rati o p .  Second ,  w e assum e tha t  th e cycle s i n th e grap h ar e lon g s o that ,  i n 

general ,  a t  an y nod e ther e wil l  b e on e lin k 'on e step i  t o a  nod e close r  t o th e goa l  whil e th e other s ar e 

one ste p farthe r  away .  I n thi s limi t  th e beha \  io r  wil l  b e simila r  t o a  wal k o n a  tree .  Becaus e o f  th e 

initiall y  exponentia l  growt h i n th e numbe r  o f  node s wit h distance ,  th e initia l  an d goa l  node s wil l 

typicall y b e separate d b y th e diamete r  o f  th e uraph .  whic h ca n b e approximate d a s D  I n n  \i \  p .  th e 

max imu m distanc e betwee n point s i n th e tre e correspondin g t o th e graph .  Fro m mos t  node-- ,  ther e i s 

onl y on e choic e whic h get s close r  t o th e uoa l  -tati. -  an d / /  I  choice s whic h mov e farthe r  fro m th e uoai . 
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HowL'ver .  th e decisio n procedur e eliminate s eac h incorrec t  choic e wit h probabilit y  t  f j  s o ther e ar e 

'o n averajie i  effectivel v onl y f/ i  I  ] p incorrec t  choice s a t  eac h node .  Thu s s  wil l  b e approximate d b y 

th e averag e numbe r  o f  step s require d t o reac h th e goa l  usini ;  thi s process . 

Thi s analysi s give s th e expecte d behavio r  o f  s  a s a  functio n o f  p  u. e .  th e topology i  an d p  i  i.e. .  th e 

decisio n effectiveness) .  Fo r  instance ,  whe n th e decision-procedur e i s wea k ^ p nea r  It .  step s towar d 

th e goa l  wil l  b e relativel v rar e irecal l  tha t  ̂  i s  a t  leas t  a s larg e a s I n n K Thu s th e system' s behavio r 

wil l  b e exponential .  Whe n p p i s muc h large r  tha n one .  on e obtains : 

In this case, when p -- 1 'so that the decision-procedure is no better than making random choicest, 

increasin g th e numbe r  o f  link s ha s n o effec t  o n th e tim e t o solv e th e problem .  Mor e generall y  'i.e. . 

/ ;  <  II ,  increasin g th e numbe r  o f  link s wil l  resul t  i n a  gradua l  increas e i n s ,  th e expecte d numbe r  o f 

step s require d t o solv e th e problem ,  becaus e th e smalle r  diamete r  o f  th e grap h i s mor e tha n balance d 

by th e increase d difficult v o f  choosin g th e correc t  operato r  fro m amon g th e large r  numbe r  o f  choices . 

Notice ,  however ,  tha t  whe n connectivit y become s large ,  man y path s wil l  becom e equall y good ,  re -

sultin g i n a n effectiv e decreas e i n p .  Recallin g tha t  p  ca n rang e fro m ti i  n  t o n  -  I ,  w e illustrat e thi s 

behavio r  fo r  p  -  0. 9 an d u  10 0 i n Figur e 1  (ai . 

To obtai n th e benefi t  o f  adde d links ,  th e decision-procedur e mus t  improv e a s ne w link s ar e added . 

For  example ,  i f  i t  improve s fas t  enoug h t o kee p p p constan t  a s link s ar e added ,  th e correspondin g 

deca y i s illustrate d fo r  n  -  LOO an d p p -  b  i n Figur e 1  (b i 

Conversely ,  whe n th e decision-procedur e i s stron g ( p nea r  0) ,  th e system s behavio r  i s give n by : 

.S5: (ljin)/(h.//) 

Thus, as long as the decision-procedure improves as fast as new links are added, one obtains a power-

la w deca y i n hi p a s show n i n th e cas e o f  n  -  10 0 i n Figur e I  (c) . 

4 Experimental Verification 

In order to validate our approach in actual problem-solving, we simulated operator addition and 

decision-procedur e improvemen t  i n th e Bi t  Game. 

[ n ou r  simulations ,  w e alway s randoml y choos e a  star t  an d goa l  state ,  solv e th e proble m ac -

cordin g t o som e decision-procedure ,  an d recor d th e performance .  Th e possibl e game s ar e uniforml y 

distribute d amon g th e 2^ ^  bi t  configurations . 

Figur e 2  plot s th e averag e <ove r  10 0 runs i  searc h pat h lengt h ove r  .̂ 0 0 trial s fo r  th e 7-bi t  Bi t 

Game.  I n thi s instanc e w e use d th e optima l  decision-procedure .  Th e pat h lengt h decrease s accord -

in g t o a  power-law ,  a s predicted ,  confirmin g tha t  w e hav e achieve d a t  leas t  first-order  analog y t o 

Rosenbloom' s (1986 )  mode l  i n whic h th e power-la w i s accounte d fo r  i n term s o f  chunkin g o f  subgoa l 

hierarchies .  However ,  thi s analysi s i s mor e genera l  tha n Rosenbloom' s theor y i n th e sens e tha t  w e 

incorporat e bot h improvement s du e t o addin g operator s an d du e t o improvement s i n th e decision -

procedure .  Furthermor e w e predic t  a  power-la w fo r  an y sor t  o f  lin k addition ,  wherea s Rosenbloo m 

predicte d power-law s onl y i n th e cas e o f  subgoa l  chunking .  Furthermore ,  ou r  theor v i s abl e t o predic t 

th e precis e exponent s (i f  w e kno w th e propertie s o f  th e particula r  problem-spac e grap h an d decision -

procedur e i  wherea s normall y ther e ar e tw o fre e parameter s i n psychologica l  power-la w models . 

I n orde r  t o simulat e improvin g th e decision-procedur e w e explicitl y  incorporate d th e descriptiv e 

parameter s o f  ou r  model .  Specifically ,  w e foun d al l  applicabl e operator s fro m th e curren t  stat e an d 

the n selecte d on e fro m th e --e t  accordin g t o a  functio n o f  th e numbe r  o f  trials :  p{T ]  Thus ,  p  begin s a t 
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1. 0 an d move s t o 0. 0 lineail v throughou t  th e run .  I n orde r  t o d o thi s w e firs t  orde r  th e operator s a s fo r 

th e optima l  decision-procedure .  W e the n separate d thes e int o th e bes t  one s (i.e. .  one s wit h th e sam e 

highes t  goodnes s rating i  an d al l  th e res t  (i.e. .  one s tha t  d o no t  hav e tha t  particula r  highes t  ratingi . 

Next  w e delete d eac h o f  th e non-optima l  operator s fro m th e se t  wit h probabilit y  I  p .  Finallv .  w e 

chos e on e operato r  a t  rando m fro m th e unio n o f  th e remainde r  o f  th e non-optima l  set .  an d al l  th e 

optima l  operators .  W h e n p  -0. 0 al l  o f  th e non-optima l  operator s wil l  b e deleted ,  leavin g onl y th e 

optima l  ones .  Thi s result s i n optima l  problem-.solving .  Whe n p  1.0 ,  al l  o f  th e non-optima l  operator s 

ar e lef t  i n th e set .  makin g th e decision-procedur e int o a  rando m walk . 

Figur e 3  show s th e result s o f  th e 7-bi t  Bi t  Game,  wit h th e abov e modifications ,  average d ove r 

."36 5 run s an d tracke d throug h 20 0 trials ,  p  decrease s linearl v alon g th e independen t  a.xi s i n step s o f 

0.05 .  Agai n w e observ e th e predicte d power-la w decreas e i n pat h lengt h a s th e decision-procedur e 

improves . 

5 Discussion 

Shepard (I987i raised the call for a law-like science of psvchology. with the power of the laws of 

physics .  I n thi s pape r  w e hav e take n a  ste p towar d Shepard' s goa l  b y presentin g th e outlin e o f 

a unifie d theor y o f  problem-solvin g learnin g phenomen a base d upo n th e mathematic s o f  grap h dy -

namics .  Althoug h som e researcher s hav e approache d a  unifie d mode l  o f  phenomen a an d mechanism s 

(e.g. ,  Anderson ,  1983 :  Rosenbloo m &  Newell ,  1981 )  thes e theorie s contai n a d ho c o r  overl y specifi c 

processe s an d assumptions .  Anderson ,  fo r  instance ,  obtain s th e power-la w b y a  rul e strengthen -

in g mechanis m whic h operate s accordin g t o a  power-law .  Rosenbloom s accoun t  o f  th e sourc e o f  th e 

power-la w i s restricte d t o additio n o f  operator s resultin g fro m th e chunkin g o f  problem-solvin g sub -

goals .  Thinkin g o f  a  problem-spac e a s a  grap h i s a  commonplac e interpretatio n o f  problem-solvin g 

'datin g fro m Newel l  &  Simon .  1972) .  bu t  t o ou r  knowledge ,  n o on e ha s trie d t o understan d th e rela -

tionshi p betwee n grap h dynamic s an d problem-solvin g learnin g phenomena . 

The psychologica l  mechanism s involve d i n learnin g b y doin g ca n includ e metho d selectio n (Cros.s -

man.  1959) .  metho d optimizatio n (Cheng .  1985) .  an d change s i n th e mechanism s tha t  choos e whic h 

operato r  t o appl y i n a  give n situatio n (th e decision-procedure) .  Al l  sort s o f  change s i n metho d an d 

operator s ca n b e modele d a s change s i n th e topolog y o f  th e problem-spac e grap h du e t o eithe r  restruc -

turin g (e.g. ,  Shrager ,  1987 )  o r  th e constructio n o f  ne w operator s I  Korf ,  1985 :  Rosenbloom ,  1986) .  I n 

many tasks ,  th e svnerg y o f  mechanism s result s i n th e wel l  documente d power-la w o f  practic e (An -

derson .  1983 :  Fitts .  1964 ;  Rosenbloo m &  Newell .  1981 '  i n whic h th e spee d o f  performanc e increase s 

rapidl y a t  first,  an d the n mor e slowl y a s performanc e become s highl y skilled . 

We hav e show n tha t  b y applyin g th e theor y o f  graph-dvnamic s t o th e vie w o f  a  problem-spac e a s 

a graph ,  w e ca n capture ,  explain ,  an d experimentall y demonstrat e th e power-la w i n a  genera l  wa y 

withou t  recours e t o explici t  powe r  functions .  Th e power-la w wa s foun d i n tw o differen t  ca.ses .  First , 

i n th e ca.s e o f  addin g ne w operator s t o th e proble m space .  Thi s u s a  mor e genera l  resul t  tha n th e 

result s o f  Ro.senbloo m (1986 '  i n tha t  h e studie d on e kin d o f  ne w operato r  -  th e memor y o f  th e result s 

of  subproblem-solving .  Second ,  w e predicte d an d foun d a  power-la w i n th e improvement s o f  decisio n 

procedures . 

Severa l  additiona l  point s ar e wort h mentioning ^  First ,  merel y addin g link s t o a  problem-spac e 

grap h withou t  a n alread y relativel y goo d decision-procedur e wil l  simpl y mak e thing s slowe r  becaus e 

ther e wil l  b e mor e way s o f  gettin g lost .  Thi s i s th e predictio n see n i n Figur e 1  (ai .  an d accord s wit h 

anothe r  well-know n psvchologica l  result :  interferenc e le.g. .  Smith .  Adams ,  an d Schorr ,  1978) .  Pre -

sumabl y eithe r  on e start s ou t  wit h a  moderatel y goo d decision-procedure ,  o r  els e a s learnin g take s 

place ,  th e perso n i s bot h improvin g hi s decision-procedur e i n additio n t o learnin g ne w problem-spac e 
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links .  Th e combinatio n o f  effect s -  i.e. ,  addin "  togethe r  tw o power-law s o f  differen t  exponent ,  inter -

cept ,  an d ou t  o f  phas e wit h on e another ,  ca n lea d t o comple. x phenomen a rangin g fro m power-laws . 

t o stee p jump s lu p o r  down i  superimpose d o n smoot h performance ,  and .  interestingly ,  t o th e pre -

cis e behavio r  generall y accorde d t o th e parado x o f  th e exper t  "Smith .  Adams ,  an d Schorr .  197Si . 

Thi s i s th e phenomeno n i n whic h th e learne r  become s wors e unti l  h e know s a  lo t  abou t  th e domain . 

and the n performanc e improve s dramatically .  Thi s suggest s lookin g t o decision-procedur e improve -

ment  a s a  possibl e accoun t  fo r  thi s paradox .  Finally ,  althoug h no t  discusse d here ,  w e hav e als o 

uncovere d anothe r  .sor t  o f  phenomenon :  i.e. ,  sudde n performanc e improvement s i n certai n kind s o f 

concep t  acquisitio n task s (suc h a s th e task s analyze d i n Bourn e &  Restle ,  19.59 i  'thes e result s ar e i n 

preparation) . 

I n sum .  w e fee l  tha t  th e genera l  approac h o f  applyin g dynamica l  principle s (Huberma n &  Hogg . 

1987 .  Shrager ,  Hogg .  &  Huberman .  1987 )  t o cognitiv e problem s hold s muc h promis e i n unifyin g 

othe r  area s o f  learnin g an d intelligen t  activity . 
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F i g u r e 1 :  Ana ly t i c Predict ions . 
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