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A n A b s t r a c t  C o m p u t a t i o n a l  M o d e l  o f 

L e a r n i n g Selectiv e Sens in g Skill s 

Pat  Langley '  (Langley@cs.stanford.edu ) 
Robotic s Laboratory ,  Compute r  Scienc e Dept . 

Stanfor d University ,  Stanford ,  C A 9430 5 

A b s t r a c t 
I n thi s pape r  w e revie w th e benefit s o f  abstrac t  compu -
tationa l  model s o f  cognitio n an d presen t  on e suc h mode l 
of  behavio r  i n a  flight-control  domsiin .  Th e model' s cen -
tra l  assumption s air e tha t  difference s amon g subject s ar e 
due t o difference s i n sensin g skills ,  an d tha t  th e mju n 
for m o f  learnin g involve s updatin g statistic s t o distin -
guis h relevjm t  fro m irrelevan t  features .  W e repor t  a n 
implementatio n o f  thi s abstrac t  mode l  o f  sensor y learn -
ing ,  £don g wit h a  syste m tha t  searche s th e spac e o f  pa -
ramete r  setting s i n orde r  t o fit  th e mode l  t o observations . 
We compar e th e sensory-learnin g frjimewor k t o a n alter -
nativ e base d o n th e powe r  law ,  finding  tha t  th e latte r  fits 
th e dat a slightl y bette r  bu t  tha t  i t  require s m a n y mor e 
parameters . 

Computational Models of Behavior 

Computationa l  model s o f  huma n cognitio n dat e bac k 
t o th e 1950s ,  soo n afte r  researcher s reedize d tha t  com -
puter s hji d genera l  symbol-processin g capability .  Earl y 
compute r  model s lik e G P S (Newell ,  Shaw ,  &  Simon , 
1960 )  an d E p a m (Feigenbaum ,  1963 )  wer e implemente d 
i n basi c list-processin g language s lik e IPL- V an d the n 
i n Lisp .  Late r  model s o f  huma n behavio r  wer e cas t 
i n mor e theory-lade n formaJism s lik e production-syste m 
and schem a language s (Newell ,  1973 ;  No rma n &  Rumel -
hart ,  1975) .  Ensuin g architecture s suc h a s A C T (Ander -
son ,  1983 )  an d S o a r  (Newell ,  1990 )  incorporate d addi -
tiona l  knowledg e abou t  th e huma n informatio n proces -
sor ,  forcin g model s state d withi n thos e framework s t o 
satisf y furthe r  theoretica l  constraints . 

Many cognitiv e scientist s vie w thi s progressio n a s 
a positiv e development ,  leadin g towar d wha t  Newel l 
(1990 )  ha s calle d unifie d theorie s o f  cognition .  Never -
theless ,  computationa l  model s stil l  requir e developer s t o 
introduc e man y assumptions ,  man y no t  centra l  t o thei r 
theories ,  befor e the y ca n produc e behavior s an d predic -
tions .  Moreover ,  feature s o f  model s tha t  developer s d o 
hol d centra l  ar e ofte n no t  th e sourc e o f  thei r  models '  abil -
it y t o explai n psychologica l  data .  On e exampl e come s 
fro m Richma n an d Simo n (1989) ,  wh o argu e tha t  connec -
tionis t  an d discrimination-networ k explanation s o f  word -
recognitio n findings  ar e du e no t  t o thes e models '  cor e 
assumption s o f  paralle l  versu s sequentia l  processing ,  bu t 
fro m th e wa y bot h model s structur e th e task . 

'Als o affiliate d wit h th e Institut e fo r  th e Stud y o f  Learn -
in g an d Expertise ,  216 4 Staunto n Court ,  Pal o Alto ,  C A 9430 6 

Thes e observation s sugges t  tha t  detaile d compute r 
model s o f  huma n behavior ,  thoug h interestin g from  a n 
AI  perspective ,  m a y b e misleadin g o r  a t  leas t  unneces -
sar y t o explai n m a n y interestin g phenomena .  A t  first 
glance ,  mathematica l  model s see m a  natura l  alternative , 
i n tha t  the y describ e behavio r  a t  a  muc h mor e abstrac t 
level .  However ,  computationa l  model s wer e originall y 
develope d i n respons e t o perceive d limitation s o f  suc h 
mathematiczi l  methods ,  whic h wer e constraine d t o sim -
pl e behavior s em d ofte n mad e restrictiv e assumption s o f 
thei r  ow n fo r  th e sak e o f  analyticii l  trjictability . 

Recently ,  Ohlsso n an d Jewet t  (1995 ;  i n press )  hav e 
propose d a  promisin g compromis e betwee n thes e tw o 
paradigms ,  whic h the y refe r  t o a s abstrac t  models .  I n 
thi s framework,  th e scientis t  stil l  implement s a  runnin g 
compute r  progra m tha t  generate s behavior ,  bu t  th e sys -
te m omit s detail s tha t  ar e no t  essentia l  t o th e phenom -
en a on e aim s t o explain .  Fo r  examiple ,  t o mode l  learnin g 
i n problem-solvin g domains ,  the y sugges t  retainin g th e 
ide a o f  searc h throug h a  proble m space ,  bu t  removin g 
detail s abou t  th e state s an d operator s tha t  defin e th e 
space .  Rather ,  on e ca n describ e th e structur e o r  connec -
tivit y o f  th e space ,  an d mode l  th e learnin g proces s usin g 
mechanism s tha t  ad d connection s o r  alte r  th e probabil -
it y  o f  movin g towar d a  goci l  state . 

Th e ide a o f  abstrsic t  computationa l  model s i s no t  en -
tirel y new .  Fo r  instance ,  Shrager ,  Hogg ,  an d Huber -
mci n (1988 )  presen t  a n explanatio n ver y simila r  t o Ohls -
so n an d Jewett' s fo r  th e powe r  la w o f  learning ,  whic h 
the y couple d wit h a  mathematica l  analysis .  Rosenbloo m 
an d Newel l  (1987 )  presen t  a  differen t  accoun t  o f  power -
la w learning ,  describin g bot h a  detaile d compute r  mode l 
an d a n abstrac t  mode l  o f  thi s well-know n phenomenon . 
Ohlsso n an d Jewett' s  contributio n i s th e realizatio n tha t 
neithe r  th e mathematicz d analysi s no r  th e detaile d mode l 
ar e necessary ,  em d tha t  researcher s m a y ofte n find  i t  use -
fu l  t o wor k entirel y a t  th e leve l  o f  abstrac t  models . 

However ,  wor k o n abstrac t  model s remain s rare ,  an d 
Ohlsso n cin d Jewett' s  researc h progra m ha s focuse d o n 
cognitiv e tasks .  I n thi s paper ,  w e adap t  th e approac h 
t o domain s tha t  hav e a  significan t  sensory-moto r  com -
ponent .  Belo w w e outlin e th e Phoen i x domain ,  whic h 
involve s contro l  o f  a  simulate d airplane .  Afte r  this ,  w e 
briefl y revie w ICARUS ,  a  theor y o f  th e h u m a n cognitiv e 
architecture ,  ain d incorporat e it s cor e tenet s int o a n ab -
strau; t  mode l  o f  behavio r  o n th e Phoen i x task .  Nex t 
we describ e a  varian t  mode l  tha t  addresse s th e influenc e 
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of  domai n knowledg e o n sensin g strategies ,  alon g wit h a 
simpl e accoun t  o f  sensor y learning .  Finally ,  w e conside r 
th e model' s fi t  t o huma n behavio r  an d compar e it s accu -
rac y t o tha t  o f  a n alternativ e accoun t  o f  le£irning ,  the n 
discus s som e broade r  issue s tha t  ou r  approac h raises . 

The Sensory-Rich Phoenix Domain 

Goettl (1993, 1994) has described the Phoenix domain, 
a simulate d trainin g environmen t  tha t  involve s flyin g a 
simulate d airplan e throug h a  serie s o f  rectangula r  gate s 
tha t  constitut e a  three-dimensiona l  slalo m course .  Th e 
ai m i s t o navigat e th e plan e throug h thes e gates ,  prefer -
abl y followin g a s direc t  a  rout e a s possible .  A  cockpi t 
windo w give s subject s informatio n abou t  th e size ,  loca -
tion ,  an d orientatio n o f  th e neares t  gate s a s the y woul d 
appea r  fro m a n actua l  pl?ine ,  alon g wit h a  horizo n lin e 
tha t  reflect s th e plane' s pitc h an d roll .  Th e consol e dis -
pla y als o give s numeri c informatio n o n th e flight  speed , 
thrust ,  an d altitude . 

Th e gate s ar e suspende d i n air ,  perpendicula r  t o th e 
groun d cm d paralle l  t o eac h other .  Th e PHOENI X tas k 
begin s wit h th e plan e facin g an d headin g roughl y i n th e 
directio n o f  th e neares t  gate ,  bu t  th e subjec t  mus t  al -
te r  th e plane' s cours e t o accomplis h th e tas k o f  flying 
throug h th e gate s i n sequence .  A  joystic k let s th e sub -
jec t  affec t  th e plane' s pitc h an d roll ,  an d thu s it s altitud e 
and heading ;  additiona l  control s ca n chang e thrus t  an d 
thu s flight  speed ,  bu t  thi s i s les s centra l  t o th e basi c task . 

Goett l  (1993 )  ha s analyze d th e Phoeni x tas k int o 1 9 
separat e componen t  skills ,  whic h involv e subtask s suc h 
as changin g headin g an d changin g altitude ,  whic h i n tur n 
brea k dow n int o eve n mor e basi c skill s  lik e alterin g th e 
plane' s pitc h an d roll .  Hi s experiment s reveale d a  num -
ber  o f  regularitie s i n subjects '  behavio r  o n thi s task .  Fo r 
instance ,  h e foun d tha t  abilit y  o n mos t  o f  th e componen t 
skill s  identifie d durin g th e tas k analysi s wer e closel y as -
sociate d wit h abilit y  o n th e overal l  slalo m task .  H e als o 
note d majo r  difference s i n performance ,  especiall y be -
twee n me n an d women ,  bu t  als o amon g subject s o f  th e 
same sex .  Determinant s o f  tas k difficult y include d th e 
siz e o f  th e gate s an d thei r  distanc e apart . 

Naturally ,  subject s improv e thei r  abilit y  t o fly  th e 
slalo m cours e wit h practice .  However ,  Goett l  als o foun d 
tha t  part-tas k subject s (traine d o n th e componen t  skills ) 
learne d mor e slowl y tha n thos e i n th e whole-tas k grou p 
(traine d o n th e overal l  task) ,  thoug h th e forme r  di d sho w 
positiv e transfe r  fro m practic e o n th e componen t  prob -
lems .  I n studie s o f  a  relate d tas k tha t  involve s shoot -
in g stationar y targets ,  Goett l  (1994 )  foun d tha t  subject s 
traine d o n componen t  task s outperforme d thos e traine d 
on th e whol e task ,  provide d the y ge t  interleave d practic e 
on th e component s (i.e. ,  on e tria l  o n eac h componen t  pe r 
block) ,  bu t  no t  whe n the y ge t  segregate d practice . 

We wil l  no t  attemp t  t o explai n al l  o f  th e abov e phe -
nomena here ;  fo r  no w w e wil l  focu s o n th e basi c fac t  o f 
improvemen t  wit h experience .  However ,  th e variet y o f 
result s suggest s th e fertilit y  o f  thi s domai n fo r  explorin g 
behavio r  o n comple x sensory-moto r  tasks ,  whic h recom -
mends i t  a s a  testbe d fo r  ou r  idea s o n abstrac t  models . 

A M o d e l  o f  Unsk i l l e d S e n s i n g 

Our approach to modeling humsm behavior in the 
Phoeni x domai n build s o n th e Icaru s architectur e 
(Langley ,  1996) ,  i n whic h th e basi c uni t  o f  knowledg e 
i s th e qualitativ e state .  Eac h stat e 5  specifie s a  se t  o f 
condition s tha t  mus t  hol d fo r  5  t o b e active ,  alon g wit h 
optiona d informatio n abou t  action s t o b e performe d dur -
in g S ,  th e effect s o f  thes e actions ,  an d likel y successo r 
states .  Th e architectur e operate s i n cycles ,  checkin g th e 
condition s o f  th e curren t  stat e i f  on e i s activ e an d se -
lectin g a  ne w stat e fro m long-ter m memor y otherwise . 
Constraint s o n perceptua l  attentio n limi t  th e numbe r  o f 
sensor s update d o n eac h cycle ,  wit h th e syste m assumin g 
tha t  th e value s o f  unsense d feature s remai n unchanged . 
W h en Icaru s detect s tha t  th e activatio n condition s fo r 
th e curren t  stat e n o longe r  hold ,  i t  check s t o determin e 
whic h successo r  stat e shoul d becom e activ e or ,  i f  non e 
hold ,  whic h othe r  stat e seem s mos t  appropriate . 

For  thi s study ,  w e assum e tha t  th e agen t  ha s alread y 
mastere d th e basi c skil l  o f  flying  throug h a  serie s o f  gates , 
whic h involve s bot h knowledg e o f  th e componen t  skill s 
(states )  an d th e orde r  i n whic h the y shoul d occur .  Fig -
ur e 1  show s on e possibl e sequenc e o f  state s involve d i n 
traversin g a  singl e gate ,  an d th e resultin g flight  pat h see n 
fro m abov e th e plane .  Thi s sequenc e involve s rollin g th e 
plan e t o th e left ,  continuin g th e rol l  a t  th e maximu m 
allowe d fo r  som e period ,  unrollin g th e plan e right ,  an d 
takin g n o actio n onc e th e plan e i s aligne d wit h th e gate . 
Thi s sequenc e assume s th e plan e i s alread y aligne d ver -
tically ;  i f  th e plan e wer e belo w th e gate ,  th e sequenc e 
woul d als o includ e state s fo r  alterin g th e pitc h t o ascen d 
followe d b y anothe r  stat e t o leve l  out .  Alternativ e lo -
cation s relativ e t o th e gat e woul d produc e similai r  path s 
base d o n analogou s states ,  suc h a s decreasin g pitc h an d 
rollin g right .  W e wi U no t  assum e thi s precis e decompo -
sitio n o f  th e slalo m task ,  a s othe r  decomposition s int o 
state s ar e possible ,  bu t  w e wil l  posi t  a  smal l  numbe r  o f 
state s fo r  eac h gat e traversed . 

Our  mode l  o f  behavio r  o n th e slalo m tas k abstract s 
away fro m th e detail s o f  Icaru s an d th e domain ,  an d 
focuse s o n onl y a  fe w essentia l  parameters .  I n particu -
lar ,  w e suppos e tha t  flying  throug h eac h gat e require s 
a sequenc e o f  s  state s an d tha t  eac h stat e ha s r  -I- 1 ac -
tivatio n condition s tha t  involv e sensing ,  bu t  tha t  onl y 
r  o f  thes e condition s actuall y diffe r  betwee n eac h stat e 
and it s successor .  Thi s mean s that ,  i n orde r  t o detec t 
tha t  th e curren t  stat e i s n o longe r  active ,  th e agen t  nee d 
onl y sens e on e o f  thes e r  relevan t  features .  However ,  i f 
th e agen t  doe s no t  kno w whic h feature s t o sense ,  it s  de -
tectio n o f  stat e failur e ma y b e delayed ,  an d thu s i t  ma y 
continu e carryin g ou t  th e curren t  action s longe r  tha n 
appropriate . 

Our  explanatio n o f  error s i n thi s framewor k revolve s 
aroun d th e ide a tha t  th e agen t  mus t  reac h th e final  'Fl y 
Toward '  state ,  i n whic h th e plan e i s aligne d wit h th e 
gate ,  befor e pcissin g th e gate' s location .  Fo r  a  give n lo -
catio n o f  th e plan e wit h respec t  t o th e gat e a t  th e outse t 
of  th e stat e sequence ,  ther e wil l  b e a  minimu m numbe r 
of  tim e steps ,  ignorin g tim e fo r  sensing ,  fo r  th e agen t 
t o ente r  thi s final  state .  W e wil l  us e t  t o represen t  th e 
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Figur e 1 :  A  four-stat e sequenc e tha t  take s a  plan e throug h a  gat e whe n alread y verticall y aligned .  Eac h stat e 
continue s fo r  a  numbe r  a  tim e steps ,  unti l  it s  activatio n condition s ar e n o longe r  satisfied . 

number  o f  additiona l  tim e step s available ,  beyon d thi s 
min imum ,  befor e th e plan e passe s th e gate .  Thus ,  th e 
paramete r  t  correspond s t o th e amoun t  o f  'slack '  i n a 
particula r  slalo m task ,  wit h smalle r  value s makin g th e 
proble m harde r  an d large r  one s makin g i t  easier . 

Accordin g t o thi s account ,  a n agen t  tha t  know s h o w 
t o fl y  throug h a  gat e ca n stil l  m a k e error s becaus e th e 
number  o f  tim e step s neede d t o detec t  a  stat e shif t  m a y 
excee d th e slac k paramete r  f ,  causin g th e plan e t o mis s 
th e gate .  W e assum e tha t  th e agen t  ca n sense  onl y on e 
featur e o n eac h tim e step ,  s o tha t  whethe r  i t  notice s a 
stat e shif t  depend s o n whethe r  i t  sense s relevan t  o r  irrel -
evan t  features .  Lackin g an y knowledg e o f  whic h feature s 
ar e relevant ,  w e assum e tha t  th e tru e novic e ha s a  prob -
abilit y 

P = 
r  -t- i 

of  selectin g a  relevan t  featur e o n eac h tim e step ,  an d thu s 
th e sam e probabilit y  o f  noticin g a  stat e shift ,  onc e suc h 
a chang e occurs . 

Thi s mode l  appear s t o hav e fou r  parameter s bu t  ac -
tuall y ha s fewer .  Not e tha t  th e importan t  facto r  i s no t 
th e overcil l  slac k paramete r  t ,  bu t  rathe r  tha n amoun t 
of  slac k pe r  state ,  d  =  t/s .  Also ,  th e actua l  numbe r 
of  relevan t  feature s r  an d irrelevan t  one s i  matter s les s 
tha n p ,  th e probabilit y  o f  detectin g a  stat e shif t  whe n 
one occurs .  However ,  thi s quantit y i s determine d no t  b y 
r  an d i  bu t  b y thei r  ratio ,  u  =  i/r ,  whic h give s 

P = 
1 

l-t- u 

Take n together ,  th e parameter s d  an d u  specif y ou r 
abstrac t  mode l  o f  novic e behavio r  o n th e P h o e n i x 
slalo m task ,  thoug h i t  shoul d appl y equall y wel l  t o othe r 
sensory-ric h domains . 

A M o d e l  o f  Skille d Sensin g a n d Learnin g 

The abov e mode l  posit s tha t  th e agen t  sample s fro m 
among th e r  -I -  i  stat e activatio n condition s fro m a  uni -
for m distribution ,  whic h produce s th e probabilit y 

P = 
1 

r  +  i 1 + u 

of  detectin g a  stat e shif t  o n eac h tim e ste p afte r  th e shif t 
occurs .  However ,  i f  th e agen t  ha s additiona l  knowledg e 
abou t  th e probabilit y  o f  eac h conditio n ceasin g t o hold , 
i t  ca n us e a  mor e selectiv e strategy ,  base d o n nonunifor m 
sensing ,  tha t  produce s a  highe r  probabiht y o f  detectin g 
a stat e chang e whe n on e occurs . 

I n orde r  t o mode l  suc h skille d sensin g behavior ,  w e 
nee d som e additiona l  assumptions .  T h e Ica ru s archi -
tectur e assume s tha t  th e agen t  associate s a  probabilit y 
wit h eac h activatin g conditio n /  o f  a  stat e s ,  suc h that , 
when s  i s activ e an d /  i s  true ,  /  wil l  stil l  hol d o n th e nex t 
tim e step .  Base d o n thes e estimates ,  I caru s compute s 
th e probabilit y  tha t  eac h activatio n conditio n (feature ) 
of  th e curren t  stat e ha s changed .  Havin g limite d at -
tentiona l  resources ,  th e architectur e mus t  choos e whic h 
feature s t o sense .  Her e w e assum e tha t  subject s us e a 
•probability  matchin g strategy ,  whic h sample s fro m a m o n g 
th e availabl e feature s i n direc t  proportio n t o thei r  esti -
mate d probabilit y  o f  changin g w h e n a  stat e shif t  occurs . 
Probabilit y  matchin g ha s bee n implicate d i n a  variet y o f 
decisio n tasks ,  makin g i t  a  plausibl e candidat e here . 

We ca n mode l  a  subject' s knowledg e abou t  th e rele -
vanc e o f  feature s wit h on e additiona l  parameter ,  k ,  tha t 
represent s th e numbe r  o f  time s th e subjec t  ha s observe d 
a particula r  stat e transitio n i n whic h th e relevan t  fea -
ture s hav e change d an d th e irrelevan t  one s hav e not .  W e 
ca n incorporat e thi s informatio n int o th e probabilit y o f 
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Figur e 2 ;  T h e probabilit y  o f  detectin g a  stat e shif t  a s a  functio n o f  (a )  parameter s k  an d u  i n th e novic e mode l  an d 
(b )  parameter s n  a n d c ,  w h e n u  =  4 ,  i n th e skille d mode l . 

selectin g a  relevan t  feature ,  wh ic h b e c o m e s 

P = 
k - r  +  i k  +  u 

Thi s expressio n i s equivalen t  t o th e novic e quantity , 
1/(1 + u) ,  whe n k  =  1 ,  bu t  th e rati o approache s 1  a s 
k goe s t o infinity .  Figur e 2  (a )  show s th e effec t  o f  k  o n 
p fo r  differen t  value s o f  i/ r  =  u . 

Naturzdly ,  w e d o no t  clai m tha t  k  remain s constant , 
sinc e subject s lear n fro m thei r  experienc e i n th e domain . 
Her e w e assum e tha t  th e subjec t  simpl y increment s th e 
valu e fo r  A;  b y 1  eac h tim e h e observe s a  shif t  fro m on e 
stat e t o auiother ,  thu s increasin g th e probabilit y  p  o f 
sensin g a  relevan t  feature .  Thi s suggest s tha t  w e le t 
k =  n ,  wher e n  i s th e numbe r  o f  time s th e subjec t  ha s 
encountere d th e task .  However ,  inspectio n o f  dat a fo r 
th e slalo m tas k reveal s tha t  som e subject s star t  wit h 
much highe r  succes s rate s tha n others .  W e ca n mode l 
thes e difference s b y introducin g anothe r  parameter ,  c , 
tha t  determine s eac h subject' s initia l  probabilit y  o f  sens -
in g irrelevan t  features .  I n thi s revise d mode l ,  w e hav e 
k — c  +  n ,  s o tha t 

P = 
( c +  n )  •  r  _  c  +  n 

{ c +  n )  r  +  i  c  +  n  +  u 

wher e th e valu e fo r  c  partl y determine s th e intercep t  i n 
eac h subject' s learnin g curve .  Figur e 2  (b )  show s th e 
effec t  o f  n  o n p  fo r  differen t  value s o f  c  whe n u  =  4 . 

Let  u s revie w th e mode l  an d it s structure .  W e hav e 
one parameter ,  d  =  t/s ,  tha t  represent s th e difficult y o f 
th e task .  W e hav e a  secon d parameter ,  u  =  i/r ,  tha t  in -
dicate s th e rati o o f  irrelevan t  t o relevan t  features .  Bot h 
d an d u  tak e o n th e sam e valu e fo r  al l  subjects ,  sinc e the y 
ar e characteristic s o f  th e domain .  However ,  w e hav e a 
thir d parameter ,  c ,  tha t  i s specifi c  t o eac h subject ,  repre -
sentin g tha t  person' s initia l  bia s towar d sensin g relevan t 
features .  Th e variabl e n  als o play s a  rol e i n th e model , 
but  w e assum e thi s represent s th e numbe r  o f  problem s 

th e subjec t  ha s solved. ^  Thus ,  give n v  subject s wit h w 
observation s each ,  w e mus t  fit  a  mode l  wit h v  +  2  param -
eter s t o i > •  u ;  dat a points .  Fo r  th e slalo m task ,  w e hav e 
46 subject s an d 8  measurement s each ,  givin g 46- 8 =  36 8 
value s t o constrai n 4 6 +  2  =  4 8 overal l  parameters . 

Fitting the Model to Observations 

I n principle ,  w e migh t  deriv e a  se t  o f  equation s tha t  fol -
lo w fro m ou r  mode l  an d us e establishe d statistica l  meth -
ods t o determin e th e best-fittin g value s fo r  eac h param -
eter .  However ,  w e hav e no t  foun d an y closed-for m solu -
tion s fo r  th e model ,  whic h rule s ou t  thi s approach .  Bu t 
i t  doe s no t  preclud e u s fro m incorporatin g th e model' s 
assumption s int o a n abstrac t  compute r  program ,  usin g 
thi s progra m t o predic t  result s fo r  give n paramete r  set -
tings ,  an d searchin g th e spac e o f  setting s t o find  a  goo d 
fit  t o th e data . 

We implemente d th e assumption s o f  th e mode l  i n suc h 
a program ,  whic h w e embedde d i n anothe r  progra m de -
signe d t o searc h th e spac e o f  paramete r  settings .  Th e 
runnin g mode l  accepte d th e fou r  variable s describe d ear -
lie r  -  d ,  u ,  c ,  a n d n  -  a s inpu t  a n d applie d th e strateg y fo r 
selectiv e sensin g 100 0 time s t o estimat e th e probabilit y 
of  successfull y traversin g a  gate .  T h e higher-leve l  syste m 
c o m p u t e d th e square d differenc e betwee n th e predicte d 
a n d observe d probabilit y fo r  eac h combinatio n o f  sub -
jec t  a n d practic e level .  Fo r  th e paramete r  d  w e tol d th e 
syste m t o conside r  onl y setting s betwee n 1  a n d 3 ;  fo r  u 
i t  exam ine d setting s f ro m 1  t o 20 ;  a n d fo r  c  i t  considere d 
value s f ro m 1  t o 10 . 

T h e searc h p rog ra m involve s a  n u m b e r  o f  iterativ e 
loops ,  th e outermos t  devote d t o finding  th e bes t  d  valu e 
an d th e nex t  t o finding  th e u  setting .  T h e thre e inner -
m o st  level s iterat e throug h th e se t  o f  subjects ,  throug h 

^Actually ,  eac h subjec t  scor e i s a n averag e ove r  1 6 three -
minut e trial s tha t  involve d separat e passe s throug h th e 
slalo m course ,  bu t  thes e hol d acros s subject s an d thu s ar e 
constan t  factors . 
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Tabl e 1 :  (a )  Sampl e paramete r  setting s fo r  th e abstrac t 
sensory-learnin g mode l  an d th e varianc e the y explai n 
(r̂ )  o n dat a from  th e slalo m task ,  alon g wit h (b )  th e 
parameter s an d r ^  fo r  th e power-la w model .  Th e bes t 
fit  fo r  th e sensory-leJimin g mode l  ( d =  2 ,  u  =  19 )  a< -
count s fo r  les s varianc e tha n th e powe r  la w bu t  involve s 
many fewe r  parameters . 

(a) Sensory-learning Model 

Difficulty d Ratio u Init. bias c r^ 

1 
1 
2 
2 
3 
3 

4 
12 
12 
19 
12 
20 

fl-8 1 
1-1 0 
1-1 0 
1-1 0 
fl-7 1 
1-1 0 

0.11 1 
0.65 1 
0.58 0 
0.68 0 
0.31 7 
0.65 2 

(b )  Power-la w Mode l 

Slop e a Intercep t  b 

[-1.17-0.07 ]  [-1.63-0.57 ] 0.82 7 

value s o f  n ,  an d throug h setting s fo r  c .  Inspectio n o f  th e 
model' s behavio r  ove r  thi s paramete r  spac e suggeste d 
that ,  whe n onl y on e paramete r  varies ,  th e model' s fit  t o 
th e dat a follow s a  U-shape d curve .  Thus ,  th e syste m lim -
ite d searc h somewha t  b y startin g wit h a  smal l  paramete r 
valu e an d incrementin g i t  onl y a s lon g a s thi s improve d 
th e fit,  a t  whic h poin t  i t  halted ,  havin g reache d a  loca l 
optimu m give n th e value s o f  othe r  parameters . 

Tabl e 1  show s th e varianc e explaine d (r̂ )  fo r  a  num -
ber  o f  paramete r  settings ,  includin g th e on e tha t  pro -
vide s th e bes t  fit  fo r  Goettl' s  46-subjec t  data .  Th e tabl e 
include s a  rang e o f  Vcdue s fo r  c ,  sinc e thi s paramete r  var -
ie d acros s differen t  subjects .  Not e tha t  th e bes t  settin g 
fo r  u  i s 19 ,  accountin g fo r  6 8 percen t  o f  th e variance , 
whic h implie s tha t  subject s considere d 1 9 time s a s man y 
irrelevan t  feature s a s relevan t  ones .  Th e Phoeni x flight 
simulato r  doe s hav e a  comple x display ,  s o thi s valu e i s 
not  impossible ,  thoug h i t  i s  highe r  tha n w e expected . 

One natura l  issu e concern s ho w wel l  ou r  sensory -
learnin g mode l  compare s t o alternativ e explanation s o f 
th e data .  W e pla n t o explor e thi s questio n a t  lengt h 
i n futur e work ,  bu t  w e hav e alread y don e som e initia l 
studie s alon g thes e line s wit h a  popula r  mode l  tha t  as -
sumes learnin g obey s a  negativel y accelerate d powe r  law . 
Rosenbloo m an d Newel l  (1987 )  an d Shrage r  e t  al .  (1988 ) 
hav e show n tha t  on e ca n deriv e thi s la w fro m assump -
tion s abou t  th e tas k environmen t  cm d learner ,  bu t  bot h 
Emalyse s dea l  wit h reactio n time s rathe r  tha n erro r  rates . 

Her e w e simpl y assum e tha t  learnin g follow s a  powe r 
la w o f  th e for m E  =  bN~'' ,  wher e E  i s th e percen t  erro r 
afte r  N  trainin g experiences ,  an d wher e a  an d b  ar e pa -
rameter s specifi c  t o eac h subject .  Takin g th e lo g o f  bot h 
side s give s th e linea r  relatio n log{E )  =  log{b)-alog{N) , 
whic h w e ca n fit  t o th e dat a usin g linea r  regression . 

Tabl e 1  als o show s th e paramete r  range s an d th e r ^ 
tha t  resul t  fro m thi s process .  Th e powe r  la w explain s 
somewhat  mor e varianc e (8 3 percent )  tha n th e sensory -
learnin g mode l  bu t  include s ne2irl y twic e a s man y param -
eters ;  thus ,  w e canno t  clai m tha t  eithe r  i s  superio r  t o th e 
othe r  o n thes e data ,  an d cidditiona l  studie s woul d appea r 
necessar y befor e w e ca n dra w an y firm  conclusions . 

Preliminar y analyse s o f  result s fro m anothe r  Phoeni x 
study ,  involvin g pju-t-tas k training ,  sugges t  tha t  rapi d 
learner s ar e les s affecte d b y th e introductio n o f  irrelevan t 
feature s the m slo w learner s (Goettl ,  persona l  communi -
cation ,  1996) .  Thi s appezir s consisten t  wit h ou r  sensory -
learnin g theory ,  bu t  developin g a  detaile d mode l  fo r  thi s 
experimenta l  situation ,  an d fitting  i t  t o th e data ,  mus t 
awai t  futur e work . 

Discussion 

Before closing, we should reexamine the theoretical sta-
tu s o f  ou r  mode l  an d it s relatio n t o alternativ e frame -
works .  W e hav e note d ou r  deb t  t o Ohlsso n an d Jew -
et t  fo r  th e notio n o f  a n abstrac t  computationa l  model , 
but  ou r  applicatio n o f  thi s ide a differ s somewha t  fro m 
thei r  own .  W e hav e use d ou r  abstrac t  model ,  combine d 
wit h a  searc h engine ,  t o fit  dat a o n particula r  subjects , 
wherea s Ohlsso n an d Jewet t  instea d explor e ho w alter -
nativ e model s reac t  t o variation s i n paramete r  values , 
i n orde r  t o determin e whethe r  thei r  abilit y  t o cove r  phe -
nomena depend s o n th e underlyin g mechanis m o r  o n for -
tuitou s paramete r  settings .  Thes e tw o approache s ar e 
not  antithetical ,  bu t  the y d o emphasiz e differen t  issues . 

Some reader s wil l  detec t  tha t  ou r  mode l  o f  sensor y 
learnin g ha s feature s i n commo n wit h Estes '  stimulu s 
samplin g theory ,  th e basi s fo r  a  wid e variet y o f  math -
ematica l  learnin g models.  Th e tw o account s bot h as -
sume tha t  subjects '  decision s ar e probabilisti c  i n nature , 
tha t  the y invok e a  probabilit y  matchin g strategy ,  an d 
tha t  learnin g follow s fro m simpl e change s t o probabilit y 
distributions .  However ,  th e detail s o f  th e equation s fo r 
performanc e an d learnin g diffe r  considerably ,  a s d o th e 
underlyin g account s tha t  accompan y th e expressions . 

Anothe r  issu e concern s th e degre e t o whic h ou r  model , 
and other s lik e it ,  explain s th e dat a o r  merel y describe s 
it .  W e hol d tha t  th e model' s processe s an d associate d 
equation s provid e explanator y structure ,  wherea s th e pa -
ramete r  setting s handl e descriptio n withi n th e structure . 
A mor e interestin g questio n concern s th e exten t  t o whic h 
variou s mode l  assumption s ar e necessar y o r  merel y suf -
ficient  t o produc e th e data .  A  suflScien t  assumptio n ca n 
be replace d b y anothe r  on e that ,  wit h differen t  parame -
te r  values ,  give s nearl y th e sam e results .  I n contrast ,  a 
necessar y assumptio n seem s required ,  i n tha t  n o alterna -
tive s ca n fit  th e data ,  regardles s o f  paramete r  settings . 
We hav e no t  ye t  attempte d t o analyz e ou r  accoun t  i n 
thi s fashion ,  bu t  abstrac t  model s see m wel l  suite d fo r 
suc h studies ,  a s Ohlsso n an d Jewet t  hav e shown . 

A final  matte r  involve s th e generalit y o f  th e abstrac t 
approac h t o modelin g behavior .  Ou r  treatmen t  ha s ig -
nore d man y detail s o f  th e Phoeni x task ,  suc h a s par -
ticula r  sensor y vjuriable s an d componen t  skill s  (states) , 
and Ohlsso n an d Jewet t  hav e followe d a  simila r  line . 
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However ,  w e migh t  instea d hav e develope d a n abstrac t 
model  tha t  include d a  separat e paramete r  fo r  eac h skill , 
provide d dat a wer e availabl e (e.g. ,  fro m part-tas k stud -
ies )  t o estimat e expertis e o n each .  Thi s approac h t o 
content-oriente d abstrac t  model s migh t  eve n le t  on e dis -
tinguis h betwee n classe s o f  knowledge ,  suc h a s functiona l 
and structura l  (e.g. ,  Strouli a &  Goel ,  1992) ,  give n thes e 
classe s hav e differen t  implication s fo r  subject' s behavior . 

Concluding Remarks 

In  this paper we reviewed an approach to cognitive sim-
ulatio n tha t  Ohlsso n an d Jewet t  (1995 )  hav e calle d ab -
strac t  models .  W e considere d th e advantage s o f  thi s ap -
proac h ove r  traditiona l  A I  model s o f  huma n behavior , 
whic h forc e on e t o specif y a  complet e procedur e tha t  op -
erate s i n th e tas k domai n eve n whe n th e dat a provid e in -
sufficien t  constraint s t o justif y suc h detail .  We describe d 
a domai n o f  thi s sort ,  studie d b y Goett l  (1993 ,  1994) ,  i n 
whic h subject s mus t  fl y  a  simulate d aircraf t  throug h a 
three-dimensiona l  slalo m course .  Althoug h w e hav e im -
plemente d a n A I  syste m fo r  thi s task ,  cas t  withi n th e 
framewor k o f  a  cognitiv e architecture ,  w e foun d thi s sys -
te m to o comple x fo r  usefu l  modelin g o f  availabl e data . 

I n response ,  w e develope d a n abstrac t  mode l  o f  behav -
io r  o n thi s tas k tha t  incorporate d parameter s fo r  tas k 
difficulty ,  th e rati o o f  irrelevan t  t o relevan t  features ,  an d 
initij J  subjec t  knowledge .  Th e model' s centra l  assump -
tion s ai e tha t  skille d performanc e o n thi s tas k involve s 
selectiv e sensin g o f  relevan t  rathe r  tha n irrelevan t  fea -
tures ,  an d tha t  improvemen t  come s fro m simpl e statisti -
cal  learnin g abou t  featur e relevance .  W e implemente d a 
progrcu n t o searc h th e spac e o f  paramete r  settings ,  an d i n 
thi s wa y foun d a n instantiate d for m o f  th e mode l  whic h 
approache d th e fit  fo r  a  power-la w mode l  tha t  ha d twic e 
as man y parameters .  Thes e result s d o no t  prov e tha t 
our  sensory-learnin g accoun t  i s  th e correc t  one ,  bu t  the y 
encourag e u s t o continu e explorin g thi s clas s o f  models . 

I n futur e work ,  w e pla n t o evaluat e ou r  abstrac t  mode l 
on mor e detaile d dat a tha t  Goett l  ha s collecte d fo r  th e 
Phoeni x domciin ,  a s wel l  a s compar e i t  t o othe r  alter -
native s beside s th e powe r  law .  We als o pla n t o dra w o n 
more sophisticate d methods ,  som e availabl e i n th e sta -
tistica l  literature ,  fo r  searchin g th e spac e o f  paramete r 
settings ,  an d t o produc e mor e genera l  tool s tha t  ca n b e 
used wit h a  broa d clas s o f  abstrac t  models .  I n th e longe r 
term ,  w e hop e t o us e th e resultin g syste m t o develo p an d 
evaluat e abstrac t  model s fo r  a  vziriet y o f  learnin g tasks , 
i n a n effor t  t o understan d th e potentia l  o f  thi s approac h 
t o cognitiv e simulation . 
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