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Abstrac t 

An extension of Klahr and Dunbar's (1988) Dual space model 
of  scientifi c  discover y i s  presented .  W e propos e that ,  i n 
additio n t o searc h i n a n experimen t  spac e an d a  hypothesi s 
space ,  scientifi c  discover y involve s searc h i n tw o additiona l 
spaces ;  th e spac e o f  dat a representation s an d th e spac e o f 
experimenta l  paradigms .  Tha t  is ,  discoverie s ofte n involv e 
developin g ne w term s an d addin g ne w feature s t o description s 
of  th e data ,  an d th e als o ofte n involv e developin g ne w kind s 
of  experimenta l  procedures .  Th e 4-spac e mode l  wa s 
motivate d b y th e analysi s o f  huma n performanc e i n a 
discover y microworld .  A  brie f  descriptio n o f  th e dat a i s 
presented .  I n additio n t o th e genera l  4-spac e framework ,  a 
descriptio n o f  th e componen t  processe s involve d i n eac h o f 
th e fou r  searc h space s i s als o presented . 

O v e r v i e w 

One fruitful characterization of scientific discovery is to 
vie w i t  i n term s o f  searc h i n tw o proble m spaces :  a  spac e o f 
hypothese s an d a  spac e o f  experiment s (Klah r  &  Dunbar , 
1988 ;  Simo n &  Lea ,  1974) .  Thi s characterizatio n ca n b e 
use d t o classif y discover y model s int o thre e groups .  First , 
ther e ar e thos e tha t  addres s th e processe s o f  hypothesi s 
generatio n an d evaluatio n (e.g. ,  th e B A C O N model s 
(Langley ,  Simon ,  Bradshaw ,  &  Zytkow ,  1987) ,  C O P ER 
(Kokar ,  1986) ,  an d E C H O (Thagard ,  1988)) .  Second ,  ther e 
ar e thos e tha t  addres s th e proces s o f  experimen t  generatio n 
and evaluatio n (e.g. ,  D E E D (Rajamoney ,  1993) ,  an d D I D O 
(Scot t  &  Markovitch ,  1993)) .  Third ,  ther e ar e thos e tha t 
addres s bot h processe s (e.g. ,  K E K A D A (Kulkam i  &  Simon , 
1988) ,  S T E R N (Cheng ,  1990) ,  an d S D D S (Klah r  &  Dunbar , 
1988)) . 

Base d o n ou r  analysi s o f  subjec t  performanc e i n a 
comple x compute r  microworld ,  w e hav e extende d th e 
2-spac e framewor k t o a  4-spac e framework .  I n th e ne w 
framework ,  wha t  wa s previou s conceive d a s th e hypothesi s 
spac e ha s no w bee n divide d int o a  dat a representatio n spac e 
and a  hypothesi s space .  I n th e dat a representatio n space , 
representation s o r  abstraction s o f  th e dat a ar e chose n fro m 
th e se t  o f  possibl e features .  I n th e hypothesi s space , 
hypothese s abou t  causa l  relation s i n th e dat a ar e draw n 
usin g th e se t  o f  feature s i n th e curren t  representation . 
Similarly ,  th e ol d experimen t  spac e i s no w divide d int o a n 
experimenta l  paradig m spac e an d a n experimen t  space .  I n 
th e experimenta l  paradig m space ,  a  clas s o f  experiment s 
(i.e. ,  a  paradigm )  i s chose n whic h identifie s th e factor s t o 
vary ,  an d th e component s whic h ar e hel d constant .  I n th e 
experimen t  space ,  th e parameter s setting s withi n th e 
selecte d paradig m ar e chosen . 

We mad e thes e change s a s w e bega n t o scrutiniz e th e 
h u m an performanc e dat a fro m severa l  discover y 
microworld s i n preparatio n fo r  th e computationa l 
implementatio n o f  th e 2-spac e model .  I t  becam e clea r  that , 
durin g th e cours e o f  thei r  investigation s o f  th e domain , 
subject s ofte n acquire d ne w dat a representations ,  an d 
develope d ne w kind s o f  experiments .  Furthermore , 
representatio n an d paradig m selectio n appea r  t o requir e 
differen t  mechanism s fro m thos e necessar y fo r  hypothesi s 
and experimen t  selection . 

Our  goa l  i s  t o produc e a  mode l  o f  processin g i n al l  4 
proble m spaces .  Thi s mode l  wil l  consis t  o f  separat e 
component s correspondin g t o processin g i n eac h o f  th e fou r 
proble m spaces .  However ,  a s indicate d i n Figur e 1 , 
processin g withi n eac h spac e i s dependen t  upo n th e curren t 
stat e o f  th e searc h i n th e othe r  spaces .  Fo r  example , 
experimen t  spac e searc h depend s upo n th e availabl e 
experimenta l  paradigm s a s wel l  a s th e curren t  hypothesis . 
The arrow s betwee n th e fou r  space s ar e thos e implie d b y th e 
processe s tha t  w e hav e foun d t o exist—other s connection s 
may als o exist .  Give n thes e stron g interdependencies ,  ther e 
i s grea t  advantag e t o implementin g eac h o f  th e component s 
i n a  unifie d model . 

Paradig m >, 

Space ̂ y ' 

Representatio n 

Experimen t 

Space 
Hypothesi s 

Space 

Figur e 1 :  Informatio n flo w betwee n th e 4  searc h spaces . 

Before presenting the details of the model, we will 
provid e a  brie f  descriptio n o f  th e tas k an d dat a tha t  lea d t o 
th e ne w model . 

The Discovery Task 

The task that contributed the data for our model design is a 
comple x compute r  microworl d calle d MilkTruc k (Schun n & 
Klahr ,  1992 ,  1993) ,  i n whic h subject s conducte d 
experiment s t o discove r  th e actio n o f  a  comple x myster y 
function .  I n th e microworld ,  a  "mil k truck "  execute d a 
sequenc e o f  action s associate d wit h a  dair y deliver y route . 
At  an y o f  6  differen t  location s alon g it s route ,  i t  coul d bee p 
it s horn ,  delive r  mil k o r  eggs ,  o r  receiv e mone y o r  empties . 
A progra m consiste d o f  a  sequenc e o f  u p t o 1 4 action -
locatio n pairs .  Afte r  th e rout e ha d wa s entered ,  th e subjec t 
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Figur e 2 :  T w o exampl e program s an d outcomes . 

pressed 'RUN' and the milk truck executed its route on the 
screen .  T h e mil k truc k wen t  t o eac h locatio n o n th e 
programme d rout e i n th e orde r  tha t  i t  wa s programmed ,  an d 
animate d icon s demonstrate d wha t  transpire d a t  eac h loca -
tion . 

I n thi s task ,  subject s wer e give n a  grea t  dea l  o f  externa l 
m e m o ry support .  A s subject s entere d thei r  programs ,  th e 
step s wer e displaye d o n th e scree n i n th e progra m listing . 
Also ,  a s th e rout e wa s completed ,  a  trac e listin g displaye d i n 
progra m forma t  wha t  transpire d durin g th e ru n (se e figur e 
2) .  Th e subject s wer e als o give n acces s t o al l  previou s 
program s an d traces . 

The subject' s tas k wa s t o discove r  th e functio n o f  a 

myster y c o m m a n d calle d 8  (delta) ,  whic h wa s a  comple x 

functio n wit h thre e arguments :  a  numbe r  ( 1 -  6 ) ,  a  triangl e 

(whit e o r  black) ,  an d a  Gree k lette r  ( a o r  P ) .  W h e n 5  wa s 

not  used ,  th e trac e listin g wa s identica l  t o th e progra m 
listing .  However ,  5  coul d chang e th e orde r  o f  delivery ,  an d 
th e resultan t  rout e executio n an d it s associate d trac e woul d 

the n b e discrepan t  from  th e progra m listing .  Th e effec t  o f  8 

was t o reorde r  th e executio n o f  par t  o f  th e progra m 
accordin g t o th e value s o f  it s  thre e argument s (se e Tabl e 1) . 

Table 1: For the last N steps in the program, 6 reorders the 
executio n sequenc e o f  th e progra m by.. . 

^ (increasing) ^ (decreasing) 

a 
(item ) 

P 
(house ) 

.Ite m i n mcreasm g 
keypa d order . 

.hous e i n increasin g 
number  order . 

...ite m i n decreasin g 
keypa d order . 

...hous e i n decreasin g 
number  order . 

T h e subject s wer e Carnegi e Mel lo n Universit y 
undergraduates .  Subject s typicall y too k par t  i n a  single ,  1  h r 
session .  Followin g a n introductio n t o th e basic s o f  th e 

MilkTruc k domain ,  th e synta x o f  8  wa s described ,  an d th e 

goal  o f  discoverin g th e effec t  o f  8  wa s presente d t o th e 

subjects .  I n th e discover y phase ,  subject s designed , 
conducted ,  an d analyze d experiment s wit h th e goa l  o f 

i n th e dat a 
i n subjects ' 

Earl y i n th e 
experimenta l 

discoverin g th e rol e o f  5  an d it s arguments. ^  T h e subject s 

worke d a t  th e discover y tas k unti l  the y ha d solve d it ,  o r  the y 
wishe d t o giv e up . 

The Data 

Data was collected from over 100 subjects across various 
conditions .  Bot h key-strok e an d verba l  protocol s wer e 
collected .  Here ,  w e presen t  a  ver y brie f  descriptio n o f  th e 
characteristic s o f  subjects '  behavio r  tha t  le d u s t o th e 
creatio n o f  th e 4-spac e model .  I n particular ,  w e wil l  focu s 
on th e evidenc e whic h suggeste d th e additio n o f  th e 
experimenta l  paradig m an d dat a representatio n spaces .  Dat a 
motivatin g th e detail s o f  th e experimen t  an d hypothesi s 
spac e processe s ca n b e foun d elsewher e (e.g. ,  Schun n & 
Klahr ,  1992,1993 ,  1995) . 

T h e primar y evidenc e fo r  activit y 
representatio n spac e involve d change s 
description s o f  experimenta l  outcomes . 
sessions ,  subject s typicall y describe d 
outcome s i n term s o f  serie s o f  movement s o f  singl e steps . 
For  example ,  wit h progra m 2  o f  figur e 2 ,  subject s earl y o n 
i n th e discover y sessio n woul d describ e thi s outcom e a s 
follows :  th e thir d ste p m o v e d t o th e fourt h position ,  th e 
fourt h ste p m o v e d t o th e fift h position ,  an d th e fifth  ste p 
moved t o th e thir d position .  Late r  i n th e sessions ,  subject s 
bega n t o giv e description s for ,  an d hypothesiz e about ,  th e 
s a me kind s o f  experimenta l  outcome s i n term s o f 
movement s o f  segment s o f  th e program .  Fo r  example ,  wit h 
progra m 2  o f  figur e 2 ,  subject s late r  o n i n th e sessio n woul d 
describ e thi s outcom e a s follows :  th e las t  five  step s wer e 
reorganize d b y increasin g hous e number .  Whil e on e migh t 
argu e tha t  thes e change s wer e merel y redescription s o r 
reorganization s o f  th e sam e features ,  subject s als o adde d 
completel y nove l  feature s t o thei r  description s (e.g. ,  th e 
number  o f  time s th e mil k truc k change d direction s durin g 
th e route ;  th e numbe r  o f  time s th e mil k truc k drive r  jumpe d 
up an d d o w n a t  th e en d o f  th e route) .  Thi s kin d o f  evidenc e 
le d u s t o hypothesiz e tha t  subject s change d th e w a y i n whic h 
th e basi c dat a wa s use d b y addin g an d deletin g feature s t o 
thei r  dat a representations . 

T h e primar y evidenc e fo r  activit y i n th e experimenta l 
paradig m spac e derive d fro m subjec t  statement s abou t  thei r 
plan s fo r  experimen t  selection s an d change s i n thes e plan s 
ove r  th e cours e o f  th e problem-solvin g session .  Initially , 
subject s ha d ver y fe w kind s o f  experiment s from  whic h t o 
select .  Thei r  typica l  program s simpl y involve d selectin g a 
smal l  numbe r  o f  house s an d item s withou t  furthe r 
constraint s o r  forethough t  (e.g. ,  progra m 1  o f  figur e 2) . 
Late r  i n th e session ,  subject s bega n t o develo p m o r e 
comple x kind s o f  experiments .  Fo r  example ,  a  subjec t  migh t 
desig n a  progra m o f  th e followin g type :  a  lon g progra m wit h 

tw o mor e step s tha n th e 6  numbe r  argument ,  house s an d 

item s al l  differen t  an d no t  i n orde r  (e.g. ,  progra m 2  o f  figure 
2) .  Subject s als o develope d multi-progra m paradigms .  Fo r 
example ,  a  subjec t  migh t  decid e t o conduc t  a  sequenc e o f 
five  program s wit h th e Sam e bas e program ,  varyin g onl y th e 

'  I n thi s context ,  a  progra m i s a n "experiment "  an d a  statemen t 
about  ho w th e parameter s wor k i s a  "hypothesis" . 
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6 numbe r  pjirameter .  Subject s leiirne d t o generat e thes e 
complex ,  ver y deliberatel y chose n experiment s quit e 
rapidly ,  indicatin g tha t  thei r  wer e choosin g experiment s 
fro m a  newl y compile d databas e o f  experimen t  types . 

The Model 

The 4-space model consists of more than just the four search 
spaces ;  ther e ar e als o th e constituen t  searc h processe s withi n 
eac h spac e (se e Tabl e 2) .  A  brie f  descriptio n o f  th e 
processe s tha t  w e hav e foun d t o occu r  withi n eac h o f  th e 
space s i s presente d belo w (iUthoug h ther e ar e likel y t o b e 
m a ny mor e tha n this) .  Thes e description s als o serv e t o 
furthe r  illustrat e th e relationship s betwee n th e fou r  spaces . 

Table 2: The component processes within each of the search 
space s o f  th e 4-spac e model . 

Spac e 

Experimenta l 
Paradig m 

Experimen t 

Dat a Representatio n 

Hypothesi s 

Proces s 

hypothesi s testin g 
analog y 
erro r  analysi s 
rep /  hy p chang e 

theor y orientatio n 
complexit y managemen t 
ris k regulatio n 

notice-invariant s 
analog y 
brute-forc e searc h 

piecemea l  inductio n 
representationa l  mappin g 
pop-ou t 

T h e Exper imenta l  P a r a d i g m S p a c e 

On occasion, making an important discovery involves 
findin g a  n e w metho d fo r  gatherin g d a t a — a n e w 

experimenta l  paradigm. ^  I t  i s  unlikel y tha t  hi s ne w metho d 
fo r  gatherin g dat a i s som e n e w domain-genera l  inductio n 
metho d (e.g. ,  Mill' s  inductiv e cannons) ;  instea d i t  i s  likel y 
t o b e a  metho d uniqu e t o tha t  field  o f  inquir y (e.g. ,  changin g 
th e temperatur e i n a  particula r  order ,  instructin g subject s i n 
a particula r  way) .  Thes e development s ar e typicall y no t  ne w 
instrument s bein g develope d (althoug h the y ca n be) ;  rathe r 
the y iir e typicall y n e w method s fo r  usin g th e sam e 
insuiiments .  Th e issu e a t  han d i s h o w suc h ne w method s ar e 
created .  O u r  mode l  include s severa l  domain-genera l 
heuristic s fo r  th e creatio n o f  suc h ne w methods . 

Paradigm s ar e primaril y create d i n th e servic e o f  testin g a 
hypothesis .  Th e hypothesi s embodie s a  se t  o f  assumption s 

^Th e mos t  popula r  us e o f  th e ter m "paradigm, "  typicall y associate d 
wit h Kuh n (1970) ,  refer s t o a  muc h large r  entit y tha n w e ar e 
considering .  I n fact .  Kuh n use d th e wor d "paradigm "  i n tw o 
sense s (whic h h e acknowledge s i n th e postscnp t  o f  th e secon d 
edition) :  th e larg e scal e paradig m o f  a  whol e field ,  an d th e smalle r 
scal e experimenta l  paradigm s tha t  ar e use d i n particula r 
experiment s (e.g. ,  th e paired-associate s paradigm ,  o r  Sperling' s 
iconi c memor y paradigm) .  W e wil l  us e th e ter m t o refe r  t o 
experimenta l  paradigm s o f  th e second ,  smaller ,  kind . 

abou t  wha t  feature s o f  th e experiinen t  ar e o f  interest .  A n 
experiinenta l  pjiradigi n i s create d tha t  emphasize s th e 
feature s o f  interest .  Fo r  exjunple ,  t o tes t  th e hypothesi s tha t 
th e numbe r  o f  step s i n th e rout e matter ,  th e subjec t  woul d 
creat e a  paradig m i n whic h th e numbe r  o f  step s wa s a n 
explici t  featur e o f  th e p<u-adigm .  T h e corollar y o f  thi s 
p;u-adig m creatio n proces s i s tha t  p;iradigm s Jir e als o create d 
t o de-emphasiz e feature s whic h ar e hypothesize d no t  t o 
matte r  (eithe r  b y holdin g thos e feature s constant ,  o r  b y 
removin g the m entirel y fro m th e experiment) . 

Paradigm s ca n :ils o b e create d throug h analog y t o othe r 
paradigms .  Fo r  example ,  subject s i n th e MilkTruc k tas k 
develope d th e pju-adig m o f  holdin g deliver y ite m constan t 
from  th e paradig m o f  holdin g hous e numbe r  constant .  Thes e 
analogous ,  exjunpl e paradigm s ca n b e one s acquire d throug h 
observation ,  o r  one s generate d b y onesel f  i n othe r  situations . 
Paradigm s m a y als o b e create d b y analyzin g th e caus e o f 
faile d experiments .  Fo r  exmnple ,  i f  a n experimen t  produce s 
an ambiguou s outcome ,  a  ne w paradig m ca n b e create d t o 
disainbiguat e th e outcome .  I n th e MilkTruc k domain ,  man y 
subject s ra n on e experimen t  i n whic h tw o step s i n th e 
progra m wer e identica l  (e.g. ,  progra m 2  o f  figur e 2 ) — 
subject s notice d tha t  thi s kin d o f  experimen t  produce s a n 
ambiguou s outcom e an d rarel y ra n tha t  kin d o f  experimen t 
again .  Furthermore ,  thes e n e w paradigm s m a y b e create d 
throug h a n erro r  analysi s o f  though t  experiment s rathe r  tha n 
actua l  experiments . 

The Experiment Space 

Many costs and risks are associated with conducting 
experiment s (e.g. ,  menta l  effort ,  mone y spent ,  an d potentia l 
los s o f  fac e fo r  a  faile d experiments) ,  an d on e practica l  goa l 
of  experimentatio n i s t o minimiz e thes e cost s an d risks. 
Experimentatio n als o ha s theoretica l  goal s relate d t o th e 
acquisitio n o f  informatio n abou t  th e world .  Fo r  example ,  i t 
i s desirabl e t o desig n experiment s relevan t  t o th e questio n a t 
hand ,  wit h easily-interprete d an d unambiguou s results .  H o w 
ar e thes e ofte n conflictin g goal s achieve d i n particula r 
experiments ? 

I n ou r  model ,  th e theoreticall y oriente d processe s o f 
experimen t  selectio n ar e achieve d usin g tw o mai n 
heuristics :  th e examinatio n heuristi c an d th e discriminatio n 
heuristic .  Th e examinatio n heuristi c select s experiment s 
whic h directl y demonstrat e th e hypothesize d effect .  Fo r 
example ,  a  hypothesi s abou t  th e behavio r  o f  acid s i n th e 
presenc e o f  wate r  lead s t o th e selectio n o f  a n experimen t 
involvin g water .  Thi s tendenc y produce s wha t  ha s bee n 
calle d th e + H tes t  bia s (Klayma n &  Ha ,  1987 )  i n rul e 
discover y tasks :  rule s o f  th e for m "X' s ar e a  m e m b er  o f  th e 
concept "  wil l  lea d t o th e selectio n o f  X's ,  rathe r  tha n thing s 
tha t  ar e no t  X's ,  t o tes t  th e rule .  Th e discriminatio n heuristi c 
select s experiment s whic h ca n discriminat e amon g 
competin g hypothese s unde r  consideration .  Thi s heuristi c i s 
use d onl y whe n multipl e hypothese s ar e bein g considered . 
Therefore ,  ther e i s n o bia s t o selec t  highl y discriminatin g 
experiment s (experiment s whic h discriminat e amon g man y 
potentia l  hypotheses )  i n th e absenc e o f  multiple ,  specific , 
activ e hypotheses .  However ,  ris k regulatio n doe s tak e int o 
accoun t  expecte d informatio n content . 
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The practica l  goal s o f  experimen t  selectio n iir e me t 
throug h processe s o f  complexit y managemen t  an d ris k 
regulation .  Thes e experiment s selectio n processe s derive d 
fro m th e followin g phenomen a i n th e MiikTruc k domain . 
Firstly ,  usin g verba l  protoco l  data ,  i t  wa s foun d tha t  subject s 
choos e shorte r  experiment s whe n the y wer e confuse d 
(unsuccessfu l  a t  explainin g experimenta l  outcomes) ,  an d 
the y choos e longe r  experiment s whe n the y wer e highl y 
confiden t  (successfu l  a t  explainin g experimenu d outcomes) . 
Secondly ,  usin g compute r  keystrok e timin g data ,  i t  wa s 
foun d tha t  whe n recen t  experiment s wer e eas y t o desig n 
(indexe d b y quic k keystrokes) ,  subsequen t  experiment s 
wer e mor e likel y t o b e longer .  Conversely ,  whe n recen t 
experiment s wer e difficul t  t o desig n (slo w keystrokes) , 
subsequen t  experiment s wer e mor e likel y t o b e shorter . 

Complexit y managemen t  involve s regulatin g experimen t 
desig n £ui d interpretatio n complexity ,  wher e complexit y i s 
define d relativ e t o th e curren t  stat e o f  understandin g an d 
experimenta l  expertise .  Fo r  example ,  longe r  experiment s ar e 
more difficul t  t o generat e whe n fe w operator s fo r  generatin g 
lon g experiment s exist ,  an d th e longe r  experiment s ar e mor e 
difficul t  t o interpre t  whe n th e knowledg e o f  relevan t 
dimension s i s small . 

Ris k regulatio n involve s choosin g experiment s base d o n 
thei r  perceive d probabilit y  o f  producin g a n informativ e 
outcome .  I n man y cases ,  thi s involve s choosin g betwee n 
experiment s whic h hav e a  lo w probabilit y  o f  bein g 
successful ,  ye t  woul d b e ver y informativ e i f  the y ar e suc -
cessful ,  an d experiment s whic h hav e a  hig h probabilit y  o f 
bein g successfu l  eve n thoug h the y contai n littl e potentia l 

information. ^  Fo r  example ,  conductin g experiment s whic h 
var y fe w feature s fro m th e previou s experimen t  ar e likel y t o 
behav e exactl y a s predicted ,  wherea s experiment s i n whic h 
many feature s hav e bee n varie d hav e th e potentia l  o f 
producin g ver y nove l  result s ye t  carr y th e ris k o f  producin g 
uninterpretabl e results . 

Complexit y managemen t  an d ris k regulatio n ar e ofte n i n 
opposition .  Fo r  example ,  mor e comple x experiment s ar e 
mor e likel y t o b e informative ,  bu t  ar e als o muc h mor e 
difficul t  t o generat e an d interpret .  Thes e tw o factor s ar e 
combine d t o produc e a n expecte d utility ,  whic h determine s 
th e fina l  experimen t  choice .  T h e balanc e betwee n 
complexit y managemen t  an d ris k regulatio n varie s wit h 
expertise .  Fo r  example ,  wit h experience ,  longe r  program s 
become mor e easil y generate d an d interpreted ,  an d so ,  al l 
subject s i n th e MiikTruc k domai n wrot e longe r  program s 
toward s th e en d o f  th e problem-solvin g session . 

The Data Representation Space 

How does one choose or change a data representation? 
Findin g th e gener̂ d solutio n t o thes e question s i s a  difficul t 
tas k becaus e ther e i s n o know n universa l  languag e fo r 
describin g dat a representations ,  no r  i s ther e a  k n o w n 
universa l  generato r  o f  representations .  A s a  partia l  solutio n 
t o thes e questions ,  w e presen t  thre e heuristic s use d fo r  se -
lectin g representation s fro m a  previousl y existin g repertoire . 

^  A  successfu l  experimen t  i s on e tha t  ca n b e meaningfull y 
predicte d o r  postdicted . 

I n ou r  model ,  dat a representatio n chang e occur s throug h 
th e followin g mechanisms :  Notic e Invariants ,  Analogy ,  an d 
Brute-forc e search .  Notic e Invariant s work s a s follows . 
Experienc e wit h experimenta l  outcome s withi n a  domai n 
lead s t o th e noticin g o f  certai n regularities .  N e w 
representation s ar e chose n whic h emphasiz e thes e 
regularities .  Thi s behavio r  i s exemplifie d i n th e MiikTruc k 
tas k a s subject s begi n t o notic e tha t  th e firs t  par t  o f  th e 
progra m rarel y changes .  The y the n chang e thei r  dat a 
representation s t o includ e changin g an d unchangin g 
segment s o f  th e program . 

A n a l o g y produce s representation s b y analog y t o 
previousl y understoo d phenomena .  Fo r  example ,  suc h 
analogie s migh t  include :  computer s ar e lik e programmabl e 
calculators ,  an d atom s ar e lik e th e sola r  system .  Th e feature s 
use d i n th e analogica l  sourc e ar e applie d t o th e analogica l 
target .  Thi s proces s i s simila r  t o a  categorizatio n process . 
O ne kin d o f  situatio n tha t  trigger s thi s proces s i s th e 
occurrenc e o f  salient ,  expectation-violatin g events ,  whic h 
forc e th e recategorizatio n o f  object s an d events . 

Brute-forc e searc h i s a  proces s o f  searchin g haphazardl y 
throug h th e se t  o f  possibl e representation s o f  object s i n th e 
environmen t  (i.e. ,  b y considerin g eac h object ,  an d al l  th e 
feature s an d featur e cluster s o f  eac h object) .  Thi s i s th e 
metho d b y whic h subject s i n th e MiikTruc k domai n tende d 
t o ad d feature s t o thei r  dat a representations .  Th e orde r  o f 
searc h m a y b e constraine d b y th e salienc e o r  availabilit y  o f 
th e possibl e representations .  Th e proces s o f  brute-forc e 
searc h typicall y occur s whe n th e individua l  believe s tha t  th e 
curren t  representatio n m a y no t  includ e th e causally -
predictiv e features . 

The Hypothesis Space 

In our model, the fundamental character of search in the 
hypothesi s spac e i s th e piec e b y piec e constructio n o f 
hypotheses .  Thi s process ,  calle d piecemea l  induction ,  wa s 
th e metho d b y whic h al l  subject s i n th e MiikTruc k domai n 
develope d thei r  hypotheses .  I n th e first  stag e o f  piecemea l 
induction ,  a  hypothesi s i s generate d (eithe r  fro m memor y o r 
fro m data) .  Then ,  a  scopin g processe s determine s th e 

generalit y o r  scop e o f  th e hypothesis .  Fo r  example ,  a  subjec t 
i n th e MiikTruc k domai n migh t  hypothesiz e tha t  th e 5  ke y 
reorder s th e las t  N  step s onl y whe n a  blac k triangl e i s 
selecte d (i n contras t  t o concludin g tha t  th e 8  ke y reorder s 
th e las t  N  step s n o matte r  whic h triangl e i s  selected) .  Th e 
dimension s use d t o for m th e scop e ar e chose n fro m th e 
curren t  dat a representation .  O n eac h dimension ,  th e mos t 
genera l  scop e valu e i s preferre d i n th e absenc e o f  counter -
evidence . 

Wit h on e o r  mor e particula r  hypothese s a s input , 
abstractio n processe s generat e mor e genera l  hypotheses .  Fo r 

example ,  i n th e MiikTruc k domain ,  subject s ofte n abstrac t 
th e hypothesi s tha t  th e las t  N  step s o f  th e progra m ar e 
reordere d fro m th e particula r  hypothese s tha t  ther e i s n o 
chang e wit h N = l ,  an d th e las t  tw o step s ar e change s wit h 
N = 2.  Th e numbe r  o f  particula r  case s tha t  ar e sufficien t  t o 
warran t  a  generalizatio n i s dependen t  upo n expectation s 
abou t  th e variabilit y  i n th e domai n o f  stud y (whic h ca n b e 
modifie d wit h experience) . 
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Ther e ;ir e m;in y candidat e inechaiiisin s fo r  th e generatio n 
of  hypotheses .  I n th e domain s tha t  w e hav e studied ,  tw o 
mai n processe s hav e bee n found :  representationa l  mapping , 
and pop-out .  Representationa l  mappin g i s mappin g o f 
object s (e.g. ,  th e triangle s i n th e MilkTruc k task )  ont o 
action s o r  part s o f  action s (e.g. ,  th e orde r  directio n o f  th e 
ste p rearrangement) ,  wher e bot h th e objec t  an d th e action s 
(an d actio n parts )  ar e alread y i n th e curren t  representation . 
Representationa l  mappin g i s simila r  t o a  memor y search . 
T h e representation s i n m e m o r y ar e seiirche d fo r 
correspondences .  Th e mor e comple x th e mappin g (i.e. , 
greate r  numbe r  o f  predicates) ,  o r  th e les s salien t  th e to-be -
mapf)e d feature ,  th e lowe r  th e probabilit y  tha t  th e mappin g 
wil l  occur . 

Representationa l  mappin g use s tw o heuristics :  unique -

function ,  an d same-type .  Th e unique-functio n heuristi c 

favor s mappin g object s wit h n o othe r  know n functio n ont o 
action s o r  component s o f  action s wit h n o othe r  know n 
cause .  Th e same-typ e heuristi c favor s mappin g object s ont o 
thing s o f  th e sam e dimensionality .  Fo r  example ,  binar y 
objec t  factor s (e.g. ,  blac k an d whit e triangles )  ten d t o b e 
mapped ont o inherentl y binar y outpu t  factor s (e.g. ,  forwar d 
and revers e order) .  N o actua J experimenta l  outcome s ar e 
necessar y fo r  representationa l  mapping ,  sinc e repre -
sentationa l  mappin g ca n wor k wit h abstrac t  schemat a a s 
wel l  a s particula r  objects .  Therefore ,  thi s mechanis m i s 
typicall y use d fo r  generatin g initia l  hypothese s i n th e 
absenc e o f  evidence . 

Pop-ou t  occur s throug h automatic ,  categorizatio n 
processes .  W h e n certai n evidenc e present s itself ,  certai n 
relationship s ar e uniforml y entertained .  Fo r  example ,  exac t 
similarit y (whethe r  coincidenta l  o r  not )  i s  automaticall y 
noticed .  Thi s automati c proces s i s dependen t  upo n represen -
tationa l  factors .  Fo r  example ,  i f  a  featur e i s no t  encoded ,  n o 
similarit y involvin g tha t  featur e ca n b e noticed . 

Comparison to Previous Work 

The details of our model are similar in many respects to 
othe r  discover y models .  Th e searc h spac e wit h th e greates t 
degre e o f  similarit y i s th e hypothesi s space .  I n particular , 
our  piecemea l  inductio n processe s ar e ver y simila r  t o th e 
quantitativ e an d qualitativ e rul e inductio n processe s o f  th e 
B A C ON model s (Langley ,  e t  al. ,  1987) .  F A H R E N H E I T 
(Zytkow ,  1987 )  i s th e intellectua l  precurso r  o f  ou r  scopin g 
processes . 
T h e pop-ou t  mechanis m w e us e i s a  ver y generi c 

computationa l  principle .  M a n y productio n system s model s 
hav e domain-specifi c  production s whic h immediatel y 
recogniz e an d hypothesiz e abou t  certai n kind s o f  relation s 
and correspondences .  Fo r  example ,  K E K A D A (Kulkam i  & 
Simon ,  1988 )  immediatel y recognize s mixe d o r  additiv e 
effect s give n certai n kind s o f  data .  I n anothe r  domain , 
S T E RN (Cheng ,  1990 )  immediatel y recognize s powe r 
function s i n quantitativ e data . 
Turnin g t o experimen t  spac e processes ,  ther e ar e n o model s 

of  discover y tha t  explicitl y  addres s th e issu e o f  complexit y 
management .  I n contrast ,  severa l  discover y system s hav e 
method s fo r  orderin g th e experimen t  spac e searc h suc h tha t 
experiment s likel y t o produc e usefu l  informatio n ar e 

considere d first.  Fo r  example ,  A M (Lena t  &  Brown ,  1984 ) 
focuse s attentio n o n concepL s tha t  produc e nove l  results .  I n a 
simila r  fstshion ,  D I D O (Scot t  &  Markovitch ,  1993 )  use s a 
curiosit y heuristi c whic h favor s experiment s testin g th e 
maximall y uncertai n par t  o f  th e hypothesis .  However ,  D I D O 
regulate s whethe r  experimen t  outcome s ar e considere d 
furthe r  o r  ignore d rathe r  tha n regulatin g whic h experiment s 
iir e conducted . 
The exiUTiinatio n principl e i s implici t  i n man y model s (e.g. , 

L I V E (Shen ,  1993) ,  A M (Lena t  &  Brown ,  1984) , 
E U R I S K O,  D I D O (Scot t  &  Markovitch ,  1993) .  an d D E E D 
(Rajamoney ,  1993)) ,  bu t  explici t  onl y i n I E (Shrager ,  1985) . 
The discriminatio n principl e i s als o take n fro m Shrager' s I E 
model .  However ,  ther e ar e simila r  principle s i n severa l  othe r 
systems ,  includin g D E E D (Rajamoney ,  1993) ,  an d A B D -
Soar  (Johnson ,  Krems ,  &  Amra ,  1994) . 

Ver y fe w discover y system s creat e ne w experimenta l 
paradigms ,  an d fewe r  stil l  hav e considere d thi s searc h spac e 
explicitly .  S T E R N (Cheng ,  1990 )  i s on e o f  th e fe w suc h 
models .  I t  ha s onl y on e ver y simpl e paradig m creatio n 
mechanism .  Th e mos t  importan t  differenc e betwee n th e 
paradig m constructio n i n S T E R N an d ou r  mode l  i s tha t 
S T E RN create s ne w paradigm s i n orde r  t o tr y somethin g 
new,  wherea s ou r  mode l  create s ne w paradigm s becaus e 
some featur e o f  th e ne w paradig m i s desired . 

Dat a representatio n chang e als o ha s rarel y bee n modeled . 
However ,  Kaplan' s S W I T C H (1989 )  present s a  fe w 
heuristic s fo r  representatio n change ,  an d the y ar e differen t 
fro m th e thre e heuristic s explicitl y  postulate d her e (e.g. , 
chang e grai n siz e o n failure ,  an d pursu e ho t  ideas) . 
Furthermore ,  ther e ar e severa l  program s capabl e o f 
proposin g ne w intrinsi c properties ,  whic h migh t  b e 
construe d a s on e for m o f  dat a representatio n change .  Fo r 
example ,  B A C 0 N . 4 (Langle y e t  al. ,  1987 )  discover s th e 
intrinsi c propert y gravitationa l  mas s fro m th e propertie s o f 
forc e an d distanc e b y searchin g fo r  constan t  relation s amon g 
factors .  Ther e ar e als o severa l  kind s o f  conceptua l  hierarch y 
discover y program s tha t  discover y ne w categorie s (i.e. ,  ne w 
representations )  b y searchin g fo r  featur e invarianc e (e.g. , 
Fisher' s C O B W EB (1987)) .  However ,  ther e ha s bee n littl e 
previou s treatmen t  o f  th e proces s b y whic h feature s an d 
object s ar e delete d fro m th e dat a representatio n no r  o f  th e 
proces s o f  addin g completel y nove l  feature s (rathe r  tha n 
creatin g ne w feature s b y combinin g existin g features) . 

Conclusion 

We have presented a general framework for 
understandin g scientifi c  discovery :  th e 4-spac e mode l  o f 
experimenta l  paradigm ,  experiment ,  dat a representation ,  an d 
hypothesis .  Thi s framewor k i s a  significan t  extensio n t o th e 
experimen t  an d hypothesi s spac e focu s o f  th e grea t  majorit y 
of  previou s model s o f  discovery ,  an d w e expec t  i t  t o b e 
applicabl e t o man y discover y domains . 

We als o hav e outhne d th e wa y i n whic h searche s i n thes e 
fou r  space s interact .  Thes e interdependencie s mak e i t 
advantageou s t o conside r  al l  fou r  spaces .  I n particular , 
previou s model s o f  discover y ma y hav e bee n tryin g t o solv e 
th e difficul t  problem s o f  dat a representatio n an d 
experimenta l  paradig m searc h i n th e proces s o f  dealin g wit h 
hypothesi s an d experimen t  spac e issues ,  an d ma y hav e bee n 
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confoundin g separat e issue s i n th e process .  B y considerin g 
thes e issue s a s conceptuall y distinc t  factors ,  an d b y studyin g 
thei r  interrelations ,  w e ma y gai n furthe r  insigh t  int o th e 
modelin g o f  scientifi c  discover y processes . 

The discover y tas k ma y b e mor e computationall y 
tractabl e b y considerin g th e experimenta l  paradig m an d dat a 
representatio n space s explicitly .  Fo r  example ,  rathe r  tha n 
tryin g t o conside r  al l  possibl e experimenta l  paradigm s whil e 
designin g a n experiment ,  i t  i s easie r  t o simpl y selec t  from a 
smal l  se t  o f  currentl y availabl e experimenta l  paradigms ,  an d 
make th e smal l  numbe r  o f  decision s availabl e i n th e selecte d 
paradigm .  Thi s se t  o f  experimenta l  paradigms  ma y b e 
modifie d wit h experienc e i n th e discover y domain . 
Similarly ,  rathe r  tha n tryin g t o develo p hypothese s usin g a 
ver y complet e dat a representatio n containin g al l  possibl e 
object s an d features ,  simpl y selec t  fro m th e smal l  numbe r  o f 
object s an d feature s i n th e curren t  dat a representation .  Thi s 
dat a representatio n i s als o modifie d wit h experienc e i n th e 
domain .  Thus ,  i n bot h cases ,  ver y larg e searc h space s ar e 
converte d int o several ,  muc h smalle r  searc h spaces . 

As o f  yet ,  w e hav e no t  discusse d th e contro l  processe s 
tha t  coordinat e searc h betwee n th e fou r  spaces .  Par t  o f  thi s 
coordinatio n i s drive n b y th e sequentia l  structur e o f  th e task : 
fu-s t  experiment s ar e create d an d run ,  the n the y ar e analyzed . 
The remainde r  o f  thi s coordinatio n i s drive n b y th e logica l 
relationship s betwee n th e fou r  spaces :  experimenta l 
paradigm s mus t  b e selected/create d befor e experimenta l 
detail s ar e selected ;  an d dat a representation s mus t  b e 
selecte d befor e hypothese s ar e evaluate d an d modified . 
However ,  ther e ar e som e exception s t o thi s simpl e scheme : 
occasionall y experimenta l  paradigm s ar e evaluate d fo r  thei r 
effectivenes s immediatel y afte r  a n experimen t  i s conducted ; 
and ne w dat a representation s ar e occasionall y create d i n 
respons e t o a  failur e t o develo p a  ne w hypothesi s usin g th e 
existin g representation . 

Whil e ou r  mode l  ha s som e feature s i n commo n wit h othe r 
discover y model s (althoug h ther e ar e man y nove l  features) , 
th e detail s  o f  ou r  mode l  deriv e fro m detailed ,  on-Un e huma n 
performanc e data .  Thi s i s i n contras t  t o th e majorit y o f  th e 
existin g discover y model s tha t  ar e motivate d primaril y b y 
Artificia l  Intelligenc e goal s o r  b y historica l  analyses .  I t  i s 
interestin g t o not e th e similaritie s i n underlyin g processe s 
betwee n ou r  mode l  an d thes e othe r  model s despit e th e 
differen t  modelin g goals . 

The goa l  o f  ou r  futur e computationa l  wor k wil l  b e t o 
pursu e th e complet e implementatio n o f  ou r  model ,  an d 
asses s th e tractabilit y  o f  ou r  theoretica l  model ,  a s wel l  a s it s 
generalizabilit y  t o othe r  domains .  Furthermore ,  w e wis h t o 
match  ou r  mode l  mor e precisel y t o th e empirica l  dat a 
obtaine d fro m ou r  studie s wit h th e MilkTruc k task . 
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