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Abstrac t 

Our goal is to develop a cognitive model of how hu-
mans acquir e skill s o n complex ,  sensorimoto r  tasks .  T o 
achiev e thi s goai ,  w e collecte d dat a fro m subject s leeim -
in g th e N R L Navigatio n task ,  the n use d th e dat a t o 
construc t  a  mode l  tha t  reflect s th e bcisic ,  cognitiv e ele -
ment s require d t o lear n em d thereb y succee d a t  thi s tas k 
(Gordo n &  Subramzuiian ,  1997) .  Thi s pape r  describe s a 
ne w experimen t  wit h humci n subject s o n th e task .  Dat a 
fro m thi s experimen t  no t  onl y confirm s th e ke y cognitiv e 
elemen t  o f  ou r  model ,  bu t  als o help s u s bette r  under -
stcui d individua l  difference s i n lecimin g thi s task .  Fou r 
evaluatio n metric s indicat e tha t  w e ar e abl e t o mode l 
importan t  trend s i n th e evolutio n o f  actio n choice . 

I n t r o d u c t i o n 

O ur  goa l  i s t o mode l  h o w human s acquir e skill s o n com -

plex ,  cognitiv e tasks .  W e ar e pursuin g thi s goa l  b y de -

signin g computationa l  architecture s fo r  th e N R L Navi -

gatio n task ,  whic h require s competen t  sensorimoto r  co -

ordination .  T o achiev e thi s goal ,  w e firs t  constructe d a 

model  reflectin g th e basic ,  cognitiv e element s require d 

t o lear n an d thereb y succee d a t  th e task .  T h e mode l 

was engineere d fro m h u m a n subjects '  data .  Thi s mode l 

i s reporte d i n Gordo n an d Subramania n (1997) ,  an d i s 

briefl y summarize d here .  Th e metri c fo r  evaluatin g th e 

degre e o f  fit  betwee n th e subject s an d th e mode l  i s  a 

learnin g curve ,  whic h capture s improvemen t  i n succes s 

rat e ove r  time .  Wi t h respec t  t o thi s metric ,  th e mode l 

i s a  goo d matc h fo r  learnin g behavio r  i n ou r  subjects . 

T wo question s fro m ou r  previou s researc h motivate d a 

ne w experimen t  wit h h u m a n subject s o n th e task .  First , 

a ke y cognitiv e elemen t  i s a  focu s o f  attentio n heuristic , 

whic h i s use d t o switc h betwee n tw o subtask s o f  th e Nav -

igatio n task .  C a n w e confir m thi s heuristi c objectively ? 

Second ,  althoug h nearl y al l  subject s us e th e bcisi c cog -

nitiv e elements ,  a  deepe r  analysi s o f  th e dat a suggest s 

subject s acquir e Eidditiona l  cognitiv e element s tha t  var y 

betwee n individuals .  C a n w e bette r  understan d thes e 

individua l  diff"erence s i n wha t  i s  learned ? Here ,  w e de -

scrib e th e ne w experiment ,  whic h use s a n eyetracke r  t o 

monito r  subjects '  visua l  focu s o f  attention .  Th e result s 

of  thi s experimen t  no t  onl y confir m th e focu s heuristic . 

but  the y als o provid e sufficien t  dat a fo r  understandin g 

an d modelin g individua l  diff"erences .  Fo r  ou r  subjects , 

acquisitio n o f  a  new ,  cognitiv e elemen t  i s  accompanie d 

by a  shif t  i n perceptio n an d actio n strategy .  W e d o no t 

model  th e cognitiv e element s pe r  se .  However ,  usin g 

a popula r  machin e learnin g tool ,  w e mode l  significan t 

shift s i n actio n strateg y tha t  ar e correlate d wit h change s 

i n eyetracke r  pattern .  Th e verba l  utterance s tha t  occu r 

durin g thes e shift s indicat e tha t  the y ar e associate d wit h 

deep ,  conceptua l  shift s whic h radicall y alte r  th e subject' s 

vie w o f  th e task .  A t  leas t  on e o f  th e conceptua l  shift s ap -

pear s t o b e motivate d b y a n individual' s dislik e o f  a  cer -

tai n typ e o f  failure .  Therefore ,  t o bette r  understan d thi s 

an d othe r  othe r  subjects '  shifts ,  th e succes s rat e evalua -

tio n metri c i s supplemente d wit h tw o additiona l  metric s 

whic h revea l  th e natur e o f  subjects '  failure s befor e an d 

afte r  learning .  W e als o ad d a  fourt h evaluatio n metri c 

consistin g o f  perceptio n an d actio n probabilit y  distribu -

tions .  Thi s i s a  muc h stricte r  performanc e metri c tha n 

learnin g curves ,  bu t  becaus e w e ar e no w modelin g in -

dividuals '  actio n strategies ,  i t  i s  plausibl e tha t  w e ca n 

obtai n a  reasonabl e fit,  eve n usin g thi s stricte r  criterion . 

Th e mai n novelt y o f  thi s wor k i s th e modelin g o f  shift s 

i n actio n strateg y tha t  coincid e wit h conceptua l  an d 

perceptua l  shifts ,  usin g a  suit e o f  revealin g evaluatio n 

metrics .  Th e evaluatio n result s sugges t  tha t  importan t 

learnin g trend s ar e captured . 

Thi s pape r  begin s wit h a  descriptio n o f  th e tas k an d a 

brie f  revie w o f  th e cognitiv e mode l  i n Gordo n an d Sub -

ramania n (1997) .  Th e new ,  h u m a n subject s experimen t 

i s the n described ,  followe d b y ou r  curren t  modelin g o f 

individuals .  T h e pape r  conclude s wit h relate d wor k an d 

direction s fo r  futur e research . 

The NRL Navigation Task 

The NR L navigatio n an d min e avoidanc e domain ,  devel -
ope d b y Ala n Schult z a t  th e Nava l  Researc h Laborator y 

( N R L )  an d hereafte r  abbreviate d th e "Navigatio n task, " 

i s a  2- D compute r  simulatio n tha t  ca n b e ru n eithe r  b y 

humans throug h a  graphica l  interface ,  o r  b y a n auto -

mate d agen t  (Gordon ,  e t  al. ,  1994) .  Th e tas k involve s 
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a singl e agen t  wh o control s a n autonomous ,  underwate r 

vehicl e (AUV )  tha t  ha s t o avoi d mine s an d rendezvou s 

wit h a  stationar y targe t  (goal )  befor e exhaustin g it s fuel . 

Tim e i s divide d int o episodes .  A n episod e begin. s wit h 

th e agen t  o n on e sid e o f  th e min e field ,  an d rando m tar -

get  an d min e locations ;  i t  end s wit h on e o f  thre e possi -

bl e outcomes :  th e agen t  reache s th e goa l  (success) ,  hit s 

a min e an d explode s (failure) ,  o r  th e simulatio n time s 

out  becaus e fue l  i s exhauste d (failure) .  Th e outcom e i s 

receive d a t  th e en d o f  eac h episode . 

When human subjects run this task, the sensory input 

i s throug h visua l  gauges ,  an d th e moto r  outpu t  i s con -

trolle d b y a  joystick .  A  sona r  gaug e fo r  detectin g mine s 

consist s o f  seve n square s i n a  ro w tha t  provid e a  9 0 de -

gre e forwar d field  o f  vie w fo r  a  shor t  distance .  Mine s 

appea r  a s circle s i n th e squares ;  th e mappin g betwee n 

mine s an d circle s i s ofte n no t  one-to-one .  Circl e siz e i n 

a squar e i s proportiona l  t o min e proximit y i n tha t  direc -

tion .  A  rang e gaug e provide s th e targe t  distance ,  a  bear -

in g gaug e i n cloc k notatio n indicate s th e targe t  directio n 

(1 2 o'cloc k mean s targe t  ahead ,  6  o'cloc k behind) ,  an d 

a tim e gaug e indicate s th e remainin g fuel .  Th e AUV' s 

tur n an d spee d ar e controlle d b y joystic k motions . 

A Cognitive Model 

Our goal is to build the simplest model that accounts 

fo r  huma n subjec t  dat a i n learnin g performance .  Ini -

tia l  experiment s wer e ru n i n 199 4 wit h five  huma n sub -

jects ,  usin g a  tas k configuratio n o f  n o senso r  nois e an d 

25 mines .  A  cognitiv e mode l  wa s constructe d fro m th e 

verba l  protoco l  dat a alone ,  an d i s reporte d i n (Gordo n 

& Subramanian ,  1996 ;  1997) . 

The verba l  protoco l  dat a fro m th e 199 4 experiment s 

reveal s tha t  th e mos t  salien t  aspec t  o f  learnin g an d rea -

sonin g o n thi s tas k i s a  decompositio n o f  th e tas k int o 

tw o subtasks :  avoi d mine s an d navigat e t o th e target . 

The subtas k o n whic h th e subjec t  i s focuse d determine s 

his/he r  actio n choice . 

Our  cognitiv e mode l  Mjocus ,  whic h input s numeri c 
senso r  value s an d output s numeri c actions ,  reflect s th e 

basic ,  cognitiv e element s i n it s architectura l  structure . 

The ke y elemen t  i s th e model' s focu s o f  attentio n heuris -

ti c fo r  selectin g actions ,  whic h i s th e following .  Whe n th e 

sona r  value s ar e belo w a n empiricall y determine d thresh -

ol d (indicatin g mine s nearby) ,  us e sona r  prediction s t o 

selec t  th e bes t  actio n t o take ;  otherwis e us e bearin g pre -

diction s t o selec t  th e bes t  action .  Th e learnin g curve s 

generate d b y Mjocu s matc h thos e gathere d fro m ou r  hu -

man subject s (Gordo n &  Subramanian ,  1997) .  I t  i s  quit e 

interestin g tha t  althoug h verba l  protocol s ca n i n gen -

era l  b e quit e unreliable ,  i n thi s cas e the y provide d usefu l 

guidanc e fo r  mode l  engineering . 

E x p e r i m e n t 

Exper imenta l  an d Tas k Configuratio n 

Fiv e subject s ra n th e tas k wit h a  tas k configuratio n o f 

60 mine s an d n o senso r  noise. ^  A n Applie d System s 

Laboratorie s (ASL )  Mode l  400 0 eyetracke r  wa s place d 

on th e hea d o f  eac h subject .  Th e gaug e size s an d th e 

visua l  distance s betwee n gauge s wer e sufficientl y larg e 

t o enabl e th e eyetracke r  t o distinguis h subjects '  focu s i n 

almos t  al l  cases. ^ 

The joystick ,  custom-mad e b y Thrustmaster ,  Incorpo -

rated ,  wa s use d t o inpu t  th e tur n an d spee d o f  th e A U V . 

Joystic k conversio n routines ,  writte n b y Jame s Balla s a t 

N R L,  conver t  th e joystic k positio n t o on e o f  1 7 discret e 

tur n value s an d on e o f  9  discret e spee d values ,  whic h 

ar e forwarde d t o th e simulation .  Tur n range s fro m -3 2 

(shar p right )  t o 3 2 (shar p left) ,  an d spee d fro m 0  t o 40 . 

Data Collection Procedure 

Subject s ra n consecutiv e episode s durin g th e hour .  Th e 

number  o f  episode s pe r  hou r  varie d fro m aroun d 6 0 t o 

160.  Eac h episod e varie d fro m a  fe w t o 20 0 tim e step s 

(actio n decisions) . 

Dat a wa s collecte d o n thre e differen t  media :  (1 )  execu -

tio n trace s o f  sequentia l  snapshot s o f  ever y se t  o f  gaug e 

reading s an d action s taken ,  alon g wit h success/failur e 

feedbac k a t  th e en d o f  eac h episode ,  (2 )  fixation files 

of  ever y visua l  fixation,  an d (3 )  videotape s recordin g 

th e pictoria l  gauge s see n b y th e subject s o n th e com -

pute r  screen ,  alon g wit h a  whit e squar e denotin g th e 

eyetracker' s recordin g o f  th e subject' s visua l  focu s o f  at -

tention ,  an d al l  verba l  utterance s o f  th e subject . 

Al l  subject s ra n fo r  five  one-hou r  dail y sessions .  A t 

th e beginnin g o f  th e first  session ,  the y wer e tol d the y 

had t o navigat e throug h a  minefiel d t o ge t  t o a  targe t 

locatio n an d wer e instructe d o n ho w t o operat e th e joy -

stick .  Subject s onl y sa w th e gauge s vie w o f  th e task . 

Betwee n episodes ,  th e experimente r  occcisionall y aske d 

the m t o verbaliz e wha t  the y wer e thinkin g an d learning . 

Data Analysis and Results 

One o f  th e mos t  strikin g result s fro m th e eyetracke r 

dat a i s confirmatio n o f  th e focu s heuristic .  Novic e sub -

ject s distribut e thei r  focu s o f  attentio n rathe r  randoml y 

among th e gauges .  Th e thre e subject s wh o develope d 

expertis e a t  th e tas k eventuall y converge d upo n a n eye -

tracke r  patter n restricte d t o onl y th e sona r  an d bearin g 

gauges .  Whe n th e sona r  square s ar e empty ,  focu s i s o n 

th e bearing ;  otherwise ,  focu s i s o n th e sonar .  Thi s i s 

'Fiv e undergraduate s a t  Sa n Dieg o Stat e Universit y par -
ticipate d i n thi s experimen t  an d receive d $1 0 pe r  hou r  a s 
compensation . 

•̂ T o contro l  th e brightnes s i n th e room ,  a  photographi c 
ligh t  mete r  wa s used ,  an d th e reading s wer e consistentl y be -
twee n 9. 4 an d 9. 8 exposur e values .  Sometime s th e eyetracke r 
had t o b e recalibrate d onc e o r  twic e mid-session ,  incurrin g a 
los s o f  abou t  5-1 0 minute s fo r  eac h recallbration . 
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Figur e 1 :  S5' s eyetracke r  pre-shift . 

I  I 

n 

Figur e 2 :  S5' s eyetracke r  post-shift . 
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Figur e 3 :  S5' s spee d differences . 
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Figur e 4 :  S 5 model' s spee d differences . 
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Figur e 5 :  S5' s tur n differences . Figur e 6 :  8 5 model' s tur n differences . 
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Figur e 7 :  S5' s bearin g differences . 
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Figur e 8 :  S 5 model' s bearin g differences . 
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Figur e 9 :  S5' s performanc e differences . Figur e 10 :  S 5 model' s performanc e differences . 
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precisel y th e focu s o f  attentio n heuristi c fo r  switchin g 

betwee n subtask s embedde d i n Mjocus -

A mor e detaile d analysi s reveal s strikin g individua l 

differences .  Th e nex t  sectio n summarize s ou r  analysi s 

and modelin g o f  individuals . 

Modeling Individuals' Conceptual Shifts 

Recall that we have four evaluation metrics: success rate, 

tw o failur e rat e metrics ,  an d th e probabilit y  distribution s 

ove r  action s an d perceptions .  I n particular ,  th e tw o fail -

ur e rat e metric s ar e th e explosio n rat e an d th e timeou t 

(fue l  exhaustion )  rate . 

Wit h thi s suit e o f  metrics ,  w e tur n t o th e modeling . 

Mfocu i  i s  no t  abl e t o captur e individual s wel l  enoug h t o 

satisf y ou r  mor e exactin g evaluatio n metrics .  Fo r  thes e 

metrics ,  functio n fitters  (e.g. ,  decisio n tree s an d neura l 

networks )  see m mos t  appropriate .  T o selec t  on e func -

tio n fitting  method ,  w e ra n a  compariso n o f  th e fit  t o 

th e executio n trac e (sensorimoto r  data )  o f  on e o f  ou r 

subjects .  C4. 5 (Quinlan ,  1986 )  perform s wel l  an d pro -

vide s th e mos t  understandabl e strategie s o f  al l  th e sys -

tem s tested ;  therefor e i t  i s  selecte d fo r  furthe r  model -

in g o f  individuals .  Fro m th e subject' s executio n traces , 

C4. 5 learn s a  decisio n tre e mode l  o f  th e subject' s  cic -

tio n strategy ,  whic h ca n b e summarize d b y tw o func -

tions :  sensor s - ^  tur n an d sensor s —> speed .  I t  doe s 

not  mode l  internal ,  cognitiv e element s suc h a s th e focu s 

of  attentio n heuristic ;  futur e wor k wil l  addres s addin g 

th e cognitiv e elements .  Bu t  first  w e nee d t o understan d 

what  conceptua l  shift s m a y motivat e th e developmen t  o f 

thes e elements ,  an d wha t  ar e thei r  associate d sensorimo -

to r  shifts . 

We begi n b y examinin g th e trend s i n th e dat a t o 

be modeled .  W h e n usin g th e timeout ,  explosion ,  an d 

succes s rat e measures ,  w e notic e tha t  individua l  sub -

ject s g o throug h period s o f  relativel y stabl e performance , 

punctuate d b y substantia l  improvement s i n performanc e 

alon g a t  leas t  on e o f  thes e thre e dimensions .  Furthe r  ex -

aminatio n o f  th e dat a reveal s tha t  th e performanc e leap s 

ar e associate d wit h radica l  shift s i n conceptualizatio n o f 

th e tas k couple d wit h shift s i n perceptio n the n actio n 

strategies .  Th e remainde r  o f  thi s sectio n focuse s o n a 

stud y an d initia l  modelin g o f  tw o o f  thes e conceptua l 

shifts ,  on e fo r  Subjec t  4  an d anothe r  fo r  Subjec t  5  (tw o 

of  th e subject s w h o becam e experts) .  Bot h o f  thes e sub -

ject s sho w suggestiv e evidenc e fo r  thei r  shift s wel l  befor e 

the y verbaliz e the m conclusively . 

Shift s i n bot h subject s occu r  graduall y an d unevenly , 

but  onc e cemente d the y correspon d t o a  lea p i n per -

formance .  Le t  u s examin e Subjec t  5' s shif t  first.  Dur -

in g sessio n 2 ,  aroun d episod e 45 ,  Subjec t  5  first  ver -

balize s th e shif t  a s a  hypothesi s b y statin g "onl y th e 

middl e sona r  ca n kil l  me. "  B y this ,  th e subjec t  mean s 

tha t  sh e ca n safel y ignor e al l  sona r  square s othe r  tha n 

th e middl e one ,  i.e. ,  onl y a  circl e i n th e middl e squar e 

(whic h sense s mine s straigh t  ahezid )  determine s whethe r 

th e A U V wil l  hi t  a  mine .  A t  thi s point ,  th e eyetracke r 

patter n shift s fro m attentio n o n al l  gauge s t o attentio n 

on onl y th e bearin g an d sona r  gauges .  W h e n lookin g a t 

th e sonar ,  attentio n i s mor e closel y clustere d nea r  th e 

middl e square ,  a s see n i n 50-episod e fixation  an d tran -

sitio n summarie s i n Figure s 1  an d 2. ^  I n thes e figures, 

th e ro w o f  adjacen t  square s nea r  th e middl e o f  th e figure 

i s th e sona r  gauge .  Th e bearin g gaug e i s i n th e squar e 

jus t  abov e th e middl e sonar .  Othe r  gauge s an d region s 

of  interes t  ar e denote d wit h rectangles . 

By episod e 67 ,  th e subjec t  state s tha t  he r  hypothe -

si s i s confirmed ,  an d a  chang e i n actio n strateg y occurs . 

I n particular .  Subjec t  5' s pre-shif t  strateg y i s forwar d 

motio n an d mor e rando m tur n decisions .  T h e post-shif t 

strateg y consist s o f  slowin g d o w n whe n th e circle s ge t 

larger ,  "sweeping "  th e A U V lef t  an d righ t  i n a n attemp t 

t o se e th e directio n wit h leas t  obstruction ,  the n proceed -

in g i n tha t  direction .  Sh e keep s th e bearin g straighte r 

towar d th e targe t  (1 2 o'clock )  post-shift .  Figure s 3  an d 

5 sho w ho w Subjec t  5' s actio n probabilit y  distribution s 

changed .  Al l  figures  ar e obtaine d b y subtractin g th e 

post-shif t  minu s th e pre-shif t  distribution .  Positiv e n u m -

ber s impl y a n increas e i n frequenc y fro m pre -  t o post -

shift .  Figur e 7  show s th e chang e i n bearin g distributio n 

resultin g fro m he r  chang e i n actio n strategy ,  an d Fig -

ur e 9  show s he r  accompanyin g substantia l  performanc e 

improvement.' '  I t  i s  ver y interestin g t o not e tha t  th e per -

formanc e improvemen t  i s exclusivel y alon g th e dimensio n 

of  reduce d explosions .  Thi s i s consisten t  wit h Subjec t 

5' s state d philosoph y tha t  "Timeout s ar e les s ba d tha n 

explosions. " 

C4. 5 learn s a  separat e pai r  o f  function s t o mode l  Sub -

jec t  5  befor e an d afte r  th e shift .  T h e result s ar e i n Fig -

ure s 4 ,  6 ,  8 ,  an d 10 .  Not e tha t  althoug h th e magnitude s 

produce d b y th e mode l  onl y coarsel y approximat e thos e 

produce d b y th e subject ,  mos t  trend s ar e captured .  Fo r 

example ,  bot h mode l  an d subjec t  increas e th e numbe r 

of  ful l  stops ,  g o straigh t  slightl y les s often ,  increas e th e 

number  o f  timeouts ,  reduc e th e numbe r  o f  explosions , 

and kee p th e succes s rat e nearl y constan t  afte r  th e con -

ceptua l  shift .  Onl y th e bearin g tren d i s no t  correctl y 

modeled .  W h e n runnin g th e simulatio n wit h th e model' s 

actio n strategy ,  on e ca n se e tha t  post-shif t  th e mode l 

mimic s th e subject' s strategy :  slo w d o w n whe n seein g a 

mine ,  sweep ,  the n mov e towar d a  "hole. " 

Next ,  conside r  Subjec t  4' s conceptua l  shift .  Durin g 

sessio n 3 ,  Subjec t  4  show s th e seed s o f  th e shif t  a s earl y 

as episod e 85 ,  wit h a  seemingl y purposefu l  sca n acros s 

th e sonar .  A t  episod e 122 ,  Subjec t  4  show s sign s tha t 

•'Sinc e eac h sonei r  squar e i s onl y 0. 6 inch ,  i t  i s  har d t o sta y 
focuse d i n exactl y th e middl e square .  Also ,  w e hypothesiz e 
th e eyetracke r  calibratio n wa s of f  slightly ,  causin g th e focu s 
t o b e slightl y lef t  shifted . 

''Base d o n empirica l  data ,  episode s 48-6 6 ar e selecte d fo r 
pre-shift ,  an d episode s 67-8 2 fo r  post-shift . 
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Figur e 11 :  S4' s eyetracke r  pre-shift . Figur e 12 :  S4' s eyetracke r  post-shift . 
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Figure 13: S4's speed differences. 
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Figur e 14 :  S 4 model' s spee d differences . 
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Figur e 15 :  S4' s tur n differences . 
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Figure 16: S4 model's turn differences. 
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Figur e 17 :  S4' s bearin g differences . 
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Figur e 19 :  S4' s performanc e differences . 
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Figur e 18 :  S 4 model' s bearin g differences . 
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Figur e 20 :  S 4 model' s performanc e differences . 
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a shif t  ha s take n plaic e b y a  chang e i n eyetracke r  pat -

tern .  Befor e th e shift ,  h e check s othe r  gauge s periodi -

cally .  Post-shift ,  hi s attentio n seem s tightl y focuse d be -

twee n sona r  an d bearin g onl y (se e Figure s 1 1 an d 12) . 

At  thi s time ,  th e subjec t  tentativel y Eidmit s t o a  con -

ceptua l  shift .  Subjec t  4  state s tha t  h e ca n perfor m th e 

tas k mor e easil y b y visualizin g th e mine s a s "stones. " 

By this ,  h e mean s tha t  h e cluster s multipl e circle s i n 

consecutiv e sona r  square s togethe r  int o a  singl e "stone, " 

wit h smalle r  circle s o n th e end s represen t  th e recedin g 

side s o f  th e stone .  Thi s perceptua l  clusterin g correlate s 

wit h a  chang e i n actio n strategy .  Afte r  th e conceptua l 

shift ,  Subjec t  4  goe s faster ,  goe s straigh t  mor e often ,  an d 

keep s th e bearin g t o targe t  straighter .  Th e resul t  i s  a n 

improvemen t  i n th e succes s rate ,  accompanie d b y a  sub -

stantia l  reductio n i n timeouts .  Figure s 13 ,  15 ,  17 ,  an d 1 9 

sho w hi s post -  minu s pre-shif t  performanc e differences. ^ 

Subjec t  4  doe s no t  verbaliz e th e conceptua l  shif t  conclu -

sivel y unti l  episod e 136 . 

C4.5' s mode l  o f  Subjec t  4  i s show n i n Figure s 14 ,  16 , 

18,  an d 20 .  Again ,  th e trends ,  bu t  no t  th e magnitudes , 

ar e closel y modeled .  Lik e Subjec t  4 ,  post-shif t  th e mode l 

tend s t o g o faste r  an d straighter ,  an d increase s th e fre -

quenc y tha t  th e bearin g i s a t  1 2 o'clock .  Succes s rat e i s 

increased ,  timeout s decreased ,  an d explosion s incrcEised . 

Onl y wit h timeout s i s th e magnitud e close . 

Althoug h mos t  trend s ar e nicel y captured ,  th e actio n 

distribution s generate d b y C4. 5 ar e statisticall y (usin g a 

chi-square d test )  significantl y differen t  a t  th e 9 9 % leve l 

fro m thos e o f  th e subject .  I t  appear s tha t  modelin g o f 

interna l  stat e i s crucia l  t o mee t  thi s mos t  stringen t  fit 

criterion .  Therefore ,  w e ar e currentl y explorin g stochas -

ti c  finite  stat e automat a (SFSAs ,  als o know n a s hidde n 

Marko v models) ,  whic h s o fa r  see m t o provid e a  muc h 

bette r  fit  t o actio n probabilit y  distributions .  Sinc e SF -

SAs mode l  interna l  states ,  the y facilitat e integratin g th e 

internal ,  cognitiv e element s o f  Mfocus -  Additionally ,  w e 

can includ e th e cognitiv e element s learne d durin g th e 

shift s jus t  described .  Th e cognitiv e elemen t  acquire d b y 

Subjec t  5  i s a  refinemen t  o f  th e focu s o f  attentio n heuris -

tic ,  wit h attentio n mor e towar d th e middl e sona r  square . 

Subjec t  4' s cognitiv e elemen t  wil l  b e mor e challengin g t o 

characteriz e an d model .  W e surmis e i t  ma y b e a  menta l 

model  o f  mines . 

Discussion and Related Work 

Sun an d Peterso n (1997 )  us e thei r  C L A R I O N architec -

tur e t o mode l  learnin g o n th e N R L Navigatio n task . 

Comparison s betwee n ou r  mode l  Mjocu s an d their s o n 

thi s tas k ar e i n progress .  Gra y an d Kirschenbau m (1997 ) 

als o stud y strateg y selectio n o n a  comple x task .  Th e re -

searc h o f  Joh n an d Lallemon t  (1997 )  i s closel y relate d 

t o our s becaus e the y als o (1 )  mode l  learnin g o n a  com -

^Base d o n empirica J data ,  episode s 106-12 2 ar e selecte d 
fo r  pre-shift ,  cin d episode s 123-14 2 fo r  post-shift . 

ple x task ,  (2 )  stud y individua l  differences ,  an d (3 )  stud y 

shift s i n strateg y choice .  Nevertheless ,  th e novelt y o f 

our  wor k i s tha t  w e stud y th e actio n strateg y shift s tha t 

coincid e wit h conceptua l  an d perceptua l  shifts ,  an d w e 

identif y a  suit e o f  performanc e measure s fo r  whic h indi -

vidual s reac h differin g level s o f  expertis e i n uniqu e ways . 

Finally ,  literatur e o n insight s i s relate d -  thes e ar e wha t 

appea r  t o promp t  th e conceptua l  shifts .  Ou r  findings 

confir m Metcalfe' s (1986 )  experimenta l  results ,  fo r  ex -

ample ,  whic h sho w tha t  o n insigh t  type s o f  problem s 

her  subject s demonstrat e lac k o f  confidenc e a t  proble m 

solvin g unti l  th e moment  o f  insight ,  a t  whic h poin t  con -

fidence  jump s t o a  hig h level .  Bot h Subject s 4  an d 5 

expresse d frustratio n an d lo w confidenc e prio r  t o thei r 

conceptua l  shifts . 

Futur e wor k wil l  focu s o n developin g an d fusin g th e 

cognitiv e element s o f  Mjocu s wit h th e functio n fitting 

approach ,  usin g SFSAs . 
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