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Abstrac t 

Our  goal is to develop a cognitive model of how humans acquire 
skill s  o n comple x cognitiv e tasks .  W e ar e pursuin g thi s goa l  b y 
designin g computationa l  architecture s fo r  th e N R L Navigatio n 
task ,  whic h require s competen t  sensorimoto r  coordination .  I n 
thi s paper ,  w e analyz e th e N R L Navigatio n tas k i n depth .  W e 
the n us e dat a fro m experiment s wit h huma n subject s learnin g 
thi s tas k t o guid e u s i n constructin g a  cognitiv e mode l  o f  skil l 
acquisitio n fo r  th e task .  Verba l  protoco l  dat a augment s th e 
blac k bo x vie w provide d b y executio n trace s o f  input s an d 
outputs .  Computationa l  experiment s allo w u s t o explor e a 
spac e o f  alternativ e architecture s fo r  th e task ,  guide d b y th e 
qualit y o f  fi t  t o huma n performanc e data . 

Introduction 

Our goal is to develop a cognitive model of how humans ac-
quir e skill s  b y explici t  instructio n an d repeate d practic e o n 
comple x 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 Navigatio n 
task ,  whic h require s sensorimoto r  coordinatio n skill .  Ou r 
model  desig n i s grounde d i n huma n performanc e dat a o n th e 
tas k (bot h moto r  outpu t  an d verbalizations) .  I n thi s paper ,  w e 
furthe r  develo p an d tes t  th e mode l  reporte d i n Gordo n an d 
Subramania n (1996b) ,  whic h i s base d o n actio n model s fo r 
activel y learnin g visual-moto r  coordination .  Actio n model s 
predic t  actio n consequences .  Th e agen t  (ou r  cognitiv e model ) 
activel y interact s wit h it s environmen t  b y gatherin g executio n 
traces ,  whic h ar e time-indexe d stream s o f  visua l  input s an d 
moto r  outputs ,  an d b y learnin g a  compac t  representatio n o f 
an effectiv e polic y fo r  actio n choic e fro m suc h traces ,  guide d 
by actio n models . 

Thi s pape r  begin s wit h a n analysi s o f  th e N R L Navigatio n 
tas k an d th e requirement s o f  a n optima l  controlle r  fo r  thi s 
task .  W e the n briefl y describ e th e huma n experiment s fro m 
whic h ou r  mode l  (differen t  fro m th e optima l  controller )  wa s 
constructed ,  followe d b y a n overvie w o f  ou r  cognitiv e mode l 
fro m Gordo n an d Subramania n (1996b) .  Ou r  objectiv e i s 
t o construc t  th e simples t  mode l  tha t  account s fo r  essentia l 
element s o f  performanc e c o m m o n t o al l  individuals .  Th e 
followin g section s explor e tw o mai n topic s arisin g fro m th e 
verba l  protocols :  shif t  o f  attentio n betwee n subtasks ,  an d 
th e natur e o f  sensor y prediction s i n th e actio n models .  W e 
conclud e tha t  huma n learner s shif t  focu s betwee n tw o primar y 
subtask s o f  th e task .  Thi s conclusio n i s clearl y grounde d i n 
supportin g evidence :  th e verba l  protoco l  data ,  result s wit h 
our  cognitiv e model ,  an d result s usin g a n alternativ e (control ) 
architecture .  Result s regardin g th e natur e o f  huma n sensor y 

predictions ,  o n th e othe r  hand ,  ar e les s definitiv e tha n thos e 
regardin g focus .  W e sho w h o w difference s i n learnin g rate s 
on th e tas k ca n b e partiall y  accounte d fo r  b y variation s o n th e 
typ e o f  sensor y predictions . 

The NRL Navigation and Mine Avoidance 

Domai n 

The NR L navigatio n an d min e avoidanc e domain ,  develope d 
by Ala n Schult z a t  th e Nava l  Researc h Laborator y an d here -
afte r  abbreviate d th e "Navigatio n task, "  i s a  simulatio n tha t 
ca n b e ru n eithe r  b y human s throug h a  graphica l  interface ,  o r 
by an  automate d agent .  Th e tas k involve s learnin g t o navi -
gat e throug h obstacle s i n a  two-dimensiona l  world .  A  singl e 
agen t  control s a n autonomou s underwate r  vehicl e ( A U V )  tha t 
has 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 .  Th e mine s m a y b e station -
ary ,  drifting ,  o r  seeking .  T im 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, 
and rando m targe t  an d min e locations ;  i t  end s wit h on e o f  thre e 
possibl e outcomes :  th e agen t  reache s th e goa l  (success) ,  hit s 
a min e (failure) ,  o r  exhaust s it s fue l  (failure) .  Reinforcement , 
i n th e for m o f  a  binar y outcome ,  i s receive d a t  th e en d o f  eac h 
episode .  A n episod e i s furthe r  subdivide d int o decisio n cycle s 
correspondin g t o action s (decisions )  take n b y th e agent . 

Th e agen t  ha s a  limite d capacit y t o observ e th e worl d i t 
i s  in ;  i n particular ,  i t  obtain s informatio n abou t  it s proxima l 
environ s throug h a  se t  o f  seve n consecutiv e sona r  segment s 
tha t  giv e i t  a  9 0 degre e forwar d field  o f  vie w fo r  a  shor t 
distance .  Obstacle s i n th e field  o f  vie w caus e a  reductio n 
i n sona r  segmen t  length ;  on e min e ma y appea r  i n multipl e 
segments .  Th e agen t  als o ha s a  rang e senso r  tha t  provide s th e 
curren t  distanc e t o th e target ,  a  bearin g senso r  tha t  indicate s 
th e directio n i n whic h th e targe t  lies ,  an d a  tim e senso r  tha t 
measure s th e remainin g fuel .  A  huma n subjec t  performin g 
thi s tas k see s visua l  gauge s correspondin g t o eac h o f  thes e 
sensors .  Th e tur n an d spee d action s ar e controlle d b y joystic k 
motions .  Th e tur n an d spee d chose n o n th e previou s decisio n 
cycl e ar e additionall y availabl e t o th e agent . 

Evidence of Task Complexity: Building an 

O p t i m a l  Con t ro l le r 

Give n it s delaye d rewar d structur e an d th e fac t  tha t  th e worl d 
i s presente d t o th e agen t  vi a sensor s tha t  ar e inadequat e t o 
guarante e correc t  identificatio n o f  th e curren t  state ,  th e Nav -
igatio n worl d i s a  partiall y  observabl e Marko v decisio n pro -
ces s ( P O M D P ) .  Th e stat e spac e define d b y th e sensor s fo r 
th e N R L Navigatio n tas k i s abou t  lÔ "* ;  optima l  controller s 
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Figure 1: Learning curves of two subjects. 
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Figur e 4 :  Mode l  wit h focu s an d magnitud e 
versu s derivativ e predictions . 
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Figure  2: Model with and without the focus heuristic. 
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Figure 5: Model without focus and magnitude 
versu s derivativ e predictions . 
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Figur e 3 :  g-learne r  wit h an d withou t  th e focu s heuristic . Figur e 6 :  M o d e l  wit h focu s an d fewe r  categories , 
m o r e categories ,  an d derivativ e predictions . 
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fo r  P O M D Ps hav e bee n constructe d tabul a ras a onl y fo r  stat e 
space s o n th e orde r  o f  10 0 state s (Cassandra ,  Littman ,  & 
Kaelbling ,  1994 )  becaus e o f  th e tim e (an d therefore ,  sample ) 
complexity. ' 

Our  motivatio n fo r  buildin g a n optima l  controlle r  fo r  th e 
tas k i s tw o fold :  first ,  i t  give s u s a n uppe r  baselin e fo r  compar -
iso n wit h huma n performance ;  second ,  i t  allow s u s t o inde -
pendentl y analyz e th e complexit y o f  learnin g th e tas k withou t 
considerin g constraint s impose d b y huma n learning .  Th e tas k 
analysi s allow s u s t o ask :  (1 )  wha t  i s har d abou t  learnin g th e 
task ? (2 )  wha t  i s a n appropriat e decompositio n o f  th e tas k 
t o lear n a n optima l  controlle r  (3 )  wha t  i s a n appropriat e dis -
cretizatio n fo r  th e tas k t o lear n a n optima l  controlle r  wit h a 
bounde d amoun t  o f  training ? (4 )  wha t  i s th e rol e o f  actio n 
model s i n th e learnin g process? ^  (5 )  i s  a n optima l  controlle r 
stochasti c o r  deterministic ? Answer s t o thes e question s hel p 
us understan d th e tas k bette r  an d indirectl y guid e th e desig n 
of  a  suitabl e spac e o f  alternativ e architecture s fo r  modelin g 
human learning . 

Sinc e th e focu s o f  ou r  presen t  pape r  i s th e cognitiv e model -
in g o f  huma n performanc e o n th e task ,  w e provid e a  summar y 
of  th e answer s t o th e abov e question s tha t  ar e relevan t  t o ou r 
presen t  goal .  Th e theoretica l  an d experimenta l  detail s o f  ou r 
investigatio n o f  th e desig n o f  optima l  controller s fo r  thi s tas k 
ar e i n Subramania n an d Gordo n (1997) . 

An optima l  controlle r  fo r  thi s tas k achieve s a  performanc e 
scor e o f  1 0 0 % fo r  th e tas k configuratio n o f  2 5 mines ,  smal l 
min e drif t  an d n o senso r  noise .  Thi s i s als o th e tas k config -
uratio n fo r  ou r  huma n experiment s o n thi s task .  Th e optima l 
controlle r  wa s create d b y reinforcemen t  learnin g (Gordo n & 
Subramanian ,  1996a) .  Th e learne r  wa s initialize d wit h a  con -
trolle r  wit h a  specifi c  tas k decomposition ,  a  specifi c  abstrac -
tio n o f  th e stat e spac e tha t  significand y reduce d th e complexit y 
of  learning ,  an d wit h a  correc t  bu t  incomplet e actio n choic e 
policy .  Thes e thre e aspect s o f  th e initia l  controlle r  ar e de -
scribe d i n detai l  below .  I t  shoul d b e note d tha t  tabul a ras a 
reinforcemen t  learnin g faile d t o achiev e ove r  a  3 % succes s 
rat e eve n wit h trainin g run s i n exces s o f  10,00 0 episodes . 

The structur e o f  th e optima l  controlle r  reflect s th e decom -
positio n o f  th e tas k int o tw o subtasks :  avoidin g mine s an d 
headin g towar d th e target .  A s w e shal l  sho w later ,  thi s de -
compositio n i s als o th e on e adopte d b y humans .  Th e partia l 
actio n polic y state s tha t  whe n th e sonar s indicat e proximit y t o 
mines ,  th e optima l  actio n i s chose n t o achiev e th e avoidanc e 
subgoal ;  whe n fa r  fro m mines ,  th e optima l  actio n i s base d 
on th e bearin g senso r  an d th e targe t  achievemen t  subgoal . 
Thi s controlle r  i s  tune d b y reinforcemen t  learnin g t o acquir e 
th e appropriat e cutoff s o n sona r  value s t o switc h betwee n th e 
avoidanc e an d targe t  achievemen t  subgoals .  Fo r  thi s tas k con -
figuration ,  w e sho w tha t  a  unifor m discretizatio n o f  al l  senso r 
value s int o thre e qualitativ e range s i s sufficien t  t o represen t 
th e optima l  controller ;  thi s cause s a  reductio n i n th e stat e 
spac e fro m 10^ *  t o 729 !  Sinc e th e learnin g i s ver y rapid ,  th e 
result s o n th e utilit y  o f  learnin g actio n model s i n thi s domai n 
ar e no t  ver y clear-cut .  Th e fairl y  coars e discretizatio n i n bot h 
th e senso r  an d th e actio n spac e force s th e optima l  controlle r 

t o b e stochastic . 
Our  experiment s wit h th e constructio n o f  a n optima l  con -

trolle r  highligh t  wha t  i s difficul t  abou t  thi s task :  i t  i s  compu -
tationall y infeasibl e t o lear n th e tas k withou t  a n appropriat e 
tas k decomposition .  Th e tabula r  ras a reinforcemen t  learne r 
shows tha t  acquirin g th e optima l  strateg y fo r  thi s tas k base d 
purel y o n experienc e i n interactin g wit h th e simulatio n i s 
nearl y impossible .  Thi s i s becaus e eac h episod e i s u p t o 20 0 
step s lon g an d ha s a  singl e binar y rewar d a t  th e end ,  whic h 
makes credi t  assignmen t  extremel y difficult .  H u m a n learn -
er s brin g thei r  experienc e i n navigatio n t o bea r  o n thi s tas k 
and ar e alread y equippe d wit h th e righ t  tas k decomposition . 
The optima l  controlle r  experiment s als o sho w th e nee d fo r 
buildin g a n appropriat e discretizatio n o f  th e senso r  values. ^ 
The actio n choic e polic y (mappin g fro m senso r  stat e spac e t o 
action )  need s a  compac t  representation ,  an d ou r  experiment s 
sho w tha t  a  fairl y  coars e discretizatio n suffice s t o represen t  it . 
H o w human s discretiz e th e tas k wil l  b e a n importan t  compo -
nent  o f  ou r  cognitiv e mode l  o f  learnin g performanc e o n th e 
task .  Th e optima l  controlle r  handle s partia l  observabilit y  b y 
maintainin g senso r  history .  Knowledg e o f  actio n i n th e pre -
viou s tim e ste p i s al l  tha t  i s  neede d fo r  thi s tas k configuratio n 
involvin g 2 5 mines .  Finally ,  th e ke y strategi c aspec t  i n thi s 
tas k appear s t o b e learnin g whe n an d ho w t o shif t  attentio n 
betwee n th e tw o subtasks . 

Data from Human Subjects 

In the experiments with humans, seven subjects were used, 
and eac h ra n fo r  tw o o r  thre e 45-minut e session s wit h th e 
simulations .  W e instrumented''th e simulatio n (Gordo n et .  al. , 
1994 )  t o gathe r  executio n trace s fo r  subsequen t  analysis .  W e 
als o obtaine d verba l  protocol s b y recordin g subjec t  utterance s 
durin g pla y an d b y collectin g answer s t o question s pose d a t 
th e en d o f  th e individua l  sessions . 

T wo strikin g result s w e go t  fro m ou r  dat a wit h th e huma n 
subject s wer e (1 )  th e fundamenta l  similaritie s i n tas k decom -
positio n (avoi d mines ;  navigat e t o target )  employe d b y sub -
ject s an d (2 )  th e remarkabl e difference s i n individua l  learnin g 
and performanc e o n thi s task .  Fo r  example ,  se e Figur e 1 , 
wit h th e bes t  an d wors t  learnin g curve s o f  th e subjects .  Th e 
verba l  protocols ,  combine d wit h th e learnin g curves ,  sugges t 
th e nee d fo r  a  cor e mode l  tha t  capture s similaritie s i n th e con -
ceptualizatio n o f  th e task ,  an d parametri c variation s o n th e 
cor e mode l  tha t  accoun t  fo r  performanc e differences . 

Our  navigatio n proble m ha s differen t  dynamic s tha n th e one s 
face d b y animal s lik e rat s an d ant s (Gallistel ,  1990) ,  whic h hav e a 
riche r  senso r  bas e an d ca n us e highe r  leve l  feature s Uk e landmarks . 

^We conjectur e tha t  i t  accelerate s th e rat e o f  learning . 

'Th e relationshi p betwee n stat e spac e discretizatio n an d valu e 
functio n approximatio n i s i n Moor e an d Atkeso n (1995 )  values ,  whil e 
method s o f  stat e aggregatio n ar e detaile d i n Singh ,  Jaakola ,  an d Jor -
dan (1995) .  Ou r  ow n curren t  wor k (Subramania n &  Gordon ,  1997 ) 
explore s thi s connectio n a s wel l  a s algorithm s fo r  stat e aggregatio n 
fo r  ver y hig h dimensiona l  discret e stat e spaces .  Thi s pape r  onl y 
focuse s o n cognitiv e modelin g an d no t  o n th e automati c generatio n 
of  th e optima l  controller . 

""Not e tha t  althoug h huma n subject s us e a  Joystic k fo r  actions ,  w e 
do no t  mode l  th e joystic k bu t  instea d mode l  action s a t  th e leve l  o f 
discret e turn s an d speed s (e.g. ,  tur n 3 2 degree s t o th e lef t  a t  spee d 20) . 
Human joystic k motion s ar e ultimatel y translate d t o thes e tur n an d 
spee d value s befor e bein g passe d t o th e simulate d task .  Likewise , 
th e learnin g agent s w e constmc t  d o no t  "see "  gauge s bu t  instea d ge t 
th e numeri c senso r  value s directl y fro m th e simulatio n (e.g. ,  rang e 
i s  500) . 
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A Cogn i t i v e M o d e l 

Our  goa l  i s  t o buil d th e simples t  mode l  tha t  account s fo r  huma n 
subjec t  dat a i n learnin g performance .  I n particular ,  som e 
subject s becom e proficien t  a t  thi s tas k (n o senso r  noise ,  2 5 
mines )  afte r  onl y a  fe w episodes .  Modelin g suc h a n extremel y 
rapi d learnin g rat e present s a  challenge .  I n developin g ou r 
learnin g methods ,  w e hav e draw n fro m bot h th e machin e 
learnin g an d cognitiv e scienc e literature .  I n thi s section ,  w e 
briefl y describ e ou r  basi c cognitiv e model ,  Mjocu, .  previousl y 
reporte d i n Gordo n an d Subramania n (1996b) . 

O ne o f  th e mor e strikin g aspect s o f  th e verba l  protocol s 
we collecte d wa s tha t  subject s exhibite d a  tendenc y t o buil d 
interna l  model s o f  action s an d thei r  consequences ,  \.e. ,  for -
war d model s o f  th e world .  Thes e expectation s produce d sur -
prise ,  disappointment ,  o r  positiv e reinforcement ,  dependin g 
on whethe r  o r  no t  th e prediction s matche d th e actua l  result s 
of  performin g th e action .  Fo r  example ,  on e subjec t  ha d a n 
expectatio n o f  th e result s o f  a  certai n joystic k motion :  " W h y 
a m I  turnin g t o th e lef t  whe n I  don' t  fee l  lik e I  a m movin g th e 
joystic k muc h t o th e left? "  Anothe r  expresse d surprise :  "I t 
feel s strang e t o hi t  th e targe t  whe n th e bearin g i s no t  directl y 
ahead. "  Ye t  a  thir d subjec t  develope d a  specifi c  mode l  o f  th e 
consequence s o f  hi s movements :  "On e smal l  movemen t  righ t 
or  lef t  seem s t o jum p yo u ove r  on e bo x t o th e righ t  o r  left, " 
wher e eac h bo x refer s t o a  visua l  depictio n o f  a  singl e sona r 
segment  i n th e graphica l  interface .  Therefore ,  ou r  cognitiv e 
model  use s actio n model s t o predic t  th e consequence s o f  ac -
tions .  W e believ e tha t  eve n thoug h th e evidenc e fo r  th e us e 
of  actio n model s i n th e optima l  controlle r  i s  unclear ,  i t  i s  a n 
essentia l  componen t  fo r  modelin g huma n performanc e o n thi s 
time-critica l  tas k -  i.e. ,  human s compensat e fo r  thei r  limite d 
processin g speed s an d memor y o n thi s tas k b y anticipatin g 
event s a t  leas t  on e ste p int o th e future .  Jorda n an d Rumel -
har t  (1992 )  emphasiz e th e critica l  roleo f  a  forward ,  projectiv e 
elemen t  i n cognitiv e models . 

Our  cognitiv e mode l  Mfocu s ha s fou r  components : 

Asonar ,  ' •  sensor s X  action s -
^bearin g '•  SCnSOr S X  aCtion S 
Psonar ,  •  sonar s - ^  3? 
Pbtarin g :  bearin g — 5f t 

sonar s 
+ bearin g 

Th e A  mapping s (actio n models )  predic t  th e nex t  sona r  an d 
bearin g reading s give n al l  curren t  senso r  reading s an d th e cur -
rentl y chose n action .  Th e P  mapping s rat e th e desirabilit y  o f 
th e sona r  an d bearin g configurations .  Fo r  sonars ,  hig h utili -
tie s ar e associate d wit h larg e value s (n o o r  distan t  mines) ,  an d 
fo r  th e bearin g senso r  hig h utilitie s ar e associate d wit h value s 
close r  t o th e targe t  bein g straigh t  ahead .  Ou r  cognitiv e mode l 
factor s th e predictio n o f  sona r  an d bearin g value s int o A,onaT s 
and Ahearin g an d th e assessmen t  o f  th e desirabilitie s o f  sona r 
and bearin g configuration s int o Psona n an d Pbearing -  This 
factorizatio n reflect s th e tas k decompositio n use d b y ou r  sub -
ject s tha t  i s  reveale d consistentl y i n th e verba l  protocols :  min e 
avoidanc e depend s o n sona r  readings ,  an d targe t  achievemen t 
relie s o n bearin g readings .  Currently ,  P,onar ,  an d Pbearing , 
whic h reflec t  backgroun d relevanc e knowledg e abou t  th e task , 
ar e supplie d b y us ,  whil e A,onar )  an d Ai^arin g ar e learne d 
by direc t  interactio n wit h th e simulation . 

The bearin g prediction s ar e discretize d int o 1 2 value s 
i n cloc k notation ;  th e sona r  prediction s (wit h 22 0 numeri c 

possibilities )  ar e discretize d int o five  equi-space d qualita -
tiv e categorie s (no-mines ,  mine-far ,  mine-mid ,  mine-close , 
mine-very-close )  fo r  th e grou p o f  seve n segments .  Th e 
actio n se t  consist s o f  thre e turns :  turn-right ,  turn-left , 
or  go-straight ,  a t  a  fixed  spee d (20/40) .  A t  eac h tim e 
step ,  a  focu s heuristi c i s use d t o pic k on e o f  th e pair s 
\Agonari % 'tonari )  Or  \Aiearing t  Pbearing )  t O SelCC t  a n ac -
tion .  Th e focu s heuristi c state s tha t  i f  al l  o f  th e sona r  val -
ues ar e belo w a  certai n empiricall y determine d threshol d 
(150/220) ,  th e pai r  {A,onar>,P>onar> )  pick s th e nex t  turn ; 
els e [Aiearing ,  Pbearing )  ' s  chosc n fo r  pickin g th e nex t  turn . 
Action s ar e selecte d b y performin g a  one-ste p lookahea d o f 
th e curren t  stat e usin g th e appropriat e A  mapping ,  an d b y 
pickin g th e actio n tha t  maximize s th e correspondin g P  valu e 
of  th e projecte d state . 

We nex t  investigat e tw o ke y architectura l  questions .  First , 
what  impac t  doe s ou r  tas k decompositio n hav e o n th e learnin g 
rate ? Second ,  wha t  i s th e natur e o f  th e sensor y predictions : 
ar e the y sufficientl y consisten t  t o b e a  par t  o f  th e cor e model , 
or  shoul d the y b e a  paramete r  tha t  ca n vary ? I f  th e latter ,  wha t 
ar e th e performanc e tradeoff s betwee n variations ? 

A Study of Focus of Attention 

The verbal protocol data provides abundant evidence that sub-
ject s shif t  thei r  focu s o f  attentio n betwee n avoidin g mine s an d 
navigatin g t o th e target .  A s state d earlier ,  avoidin g mine s 
involve s relianc e o n th e sona r  gauge ,  wherea s navigatio n gen -
erall y employ s th e bearin g gauge .  Al l  o f  ou r  subject s ranke d 
th e sona r  gaug e a s th e mos t  importan t  an d bearin g a s th e sec -
ond mos t  important. ^  Subject s appeare d t o us e th e strategy : 
"When mine s ar e close ,  avoi d th e mines .  W h e n the y ar e not , 
navigat e toward s th e goal. "  Evidenc e i n th e protocol s fo r 
th e focu s heuristi c include s statement s suc h a s " I  allo w th e 
bearin g t o var y anywher e withi n vie w unti l  ther e ar e n o mor e 
mine s i n fron t  o f  m e -  the n I  pa y attentio n t o th e bearin g o f 
th e goal. " 

Arbi b an d Lia w (1995 )  not e analogou s arbitratio n betwee n 
approac h an d avoidanc e behavior s i n frogs .  Th e defaul t  per -
ceptua l  schem a recognize s "al l  movin g objects "  an d activate s 
th e accompanyin g moto r  schem a o f  snapping .  However ,  whe n 
th e pretectu m detect s a  "larg e movin g object, "  thi s perceptua l 
schema i s activated ,  whic h the n activate s th e accompanyin g 
"avoid "  moto r  schema ,  thereb y overridin g an d suppressin g 
th e defaul t  snappin g schema . 

To tes t  th e impac t  o f  ou r  tas k decompositio n (focu s heuris -
tic )  upo n th e learnin g rate ,  w e hav e ablate d thi s aspec t  o f  ou r 
cognitiv e mode l  b y lumpin g th e predictio n o f  th e nex t  sensor s 
int o a  singl e m a p A ,  an d th e evaluatio n o f  th e sona r  an d bear -
in g reading s int o a  singl e utilit y  assessmen t  P .  Thi s versio n 
of  ou r  model ,  Mno/ocus ,  project s th e composit e nex t  se t  o f 
sensor s an d choose s action s tha t  optimiz e th e composit e P 
valu e o f  th e projecte d senso r  set . 

We empiricall y tes t  th e followin g hypothesis : 

• Hypothesis 1: The slope of M/oco»'s learning curve is 
close r  tha n Mnojocu s s  t o th e slop e o f  subjec t  I' s  learnin g 
curve ,  fo r  th e Navigatio n task . 

'Man y o f  th e subject s o f  Drs .  Ro n Su n an d Edwar d Merril l  a t 
Universit y o f  Alabam a als o gav e thi s gauge s rankin g o n thi s task . 
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The justificatio n fo r  Hypothesi s 1  i s tha t  subject s ar e usin g 
thi s tas k decompositio n (focu s heuristic )  becaus e i t  improve s 
thei r  learnin g an d performanc e o n th e taslc .  W e choos e t o 
compar e here ,  a s wel l  a s throughou t  th e experiments ,  wit h 
subjec t  1  becaus e ou t  o f  al l  seve n subjects ,  subjec t  T s verba l 
protocol s bes t  reflec t  th e decompositio n an d predictio n issue s 
studie d i n thi s pape r  (e.g. ,  subjec t  2  struggle d a  lo t  wit h spee d 
selectio n problems) . 

The experimenta l  test s o f  ou r  hypothese s ar e divide d int o a 
trainin g (learning )  phas e an d a  testin g phase. *  Trainin g phas e 
lengt h i s varie d a t  25 ,  50 ,  75 ,  an d 10 0 episodes .  Fo r  eac h 
trainin g length ,  al l  variant s o f  th e mode l  se e th e sam e trainin g 
data .  Th e testin g phas e remain s fixe d a t  40 0 episodes. ^  Eac h 
episod e ca n las t  a  m a x i m u m o f  20 0 tim e steps ,  i.e. ,  decisio n 
cycles .  I n al l  experiments ,  th e numbe r  o f  mine s i s fixed 
at  25 ,  ther e i s a  smal l  amoun t  o f  min e drift ,  an d n o senso r 
noise .  Thes e tas k setting s matc h exactl y thos e use d i n th e 
human subject s experiments .  Performanc e i s average d ove r 
10 experiment s becaus e th e algorithm s ar e stochasti c durin g 
training ,  an d testin g result s depen d upo n th e dat a see n durin g 
training .  I n th e graphs ,  curve s sho w mea n performanc e o n 
th e task .  Standar d deviatio n bar s ar e a t  eac h dat a point . 

We compar e th e variant s o f  th e mode l  wit h subjec t  T s learn -
in g curve .  Not e tha t  w e canno t  divid e th e huma n learnin g int o 
a trainin g phas e an d a  testin g phas e durin g whic h th e huma n 
stop s learning .  Th e curv e o f  th e huma n ha s performanc e 
average d ove r  a  slidin g w indo w o f  1 0 previou s episodes . 

Figur e 2  show s th e result s o f  testin g Hypothesi s 1 .  Mjocus ^ 
whic h ha s th e state d tas k decompositio n an d th e focu s heuris -
tic ,  bette r  model s th e subject' s learnin g curv e an d statisticall y 
significantl y outperform s Mnofocua -  Thus ,  ou r  hypothesi s i s 
confirme d an d w e se e th e valu e o f  dividin g th e tas k int o tw o 
subtask s an d modelin g th e shif t  o f  focu s betwee n subtasks . 

Becaus e ther e i s indicatio n tha t  thi s tas k decompositio n 
(focu s heuristic )  i s  widel y employe d an d ca n yiel d larg e ben -
efit s i n performance ,  w e furthe r  tes t  it s  valu e o n a n alternativ e 
(reinforcemen t  learning )  architecture .  W e us e a  standar d q -
learne r  (Watkins ,  1989) ,  tha t  w e modifie d fo r  thi s tas k t o allo w 
fo r  fai r  comparison s wit h variant s o f  M .  Th e detail s o f  th e 
g-learnin g architectures ,  calle d Qjocu s  ̂ ndQ„ofocu s fo r  wit h 
and withou t  th e focu s heuristic ,  ar e irrelevan t  here .  Detail s 
ar e i n Gordo n an d Subramania n (1996a) . 

We empiricall y tes t  th e followin g hypothesis : 

•  Hypothesi s 2 :  Th e slop e o f  Qfocus' s learnin g curv e i s 
close r  tha n Qnofocua' s t o th e slop e o f  subjec t  I' s  learnin g 
curve ,  fo r  th e Navigatio n task . 

The justificatio n fo r  Hypothesi s 2  i s tha t  th e tas k decomposi -
tio n seem s t o b e a  goo d mode l  fo r  th e task ,  independen t  o f  th e 
architectura l  choice . 

Hypothesi s 2  i s als o confirme d (se e Figur e 3) .  W e conclud e 
ther e i s significan t  valu e i n usin g ou r  tas k decomposition . 

We not e tha t  bot h hypothesi s 1  an d 2  wer e teste d usin g 
a paired ,  two-taile d <-tes t  wit h a  =  0.0 5 (compensatin g fo r 
unequa l  variance s wheneve r  indicate d b y th e F-ratio) .  Al l 
paire d difference s betwee n learnin g curve s o f  variant s o f  th e 
model  describe d i n thi s sectio n ar e statisticall y significant . 

'We used C4.5 (Quinlan, 1986), which learns the action models 
i n batc h an d ha s hig h nois e toleranc e -  a n advantag e fo r  a  P O M D P. 

'We experimente d wit h th e numbe r  o f  episode s an d chos e a  set -
tin g wher e performanc e improvemen t  levele d of f  fo r  al l  algorithms . 

A S t u d y o f  S e n s o r  Pred ic t ion s 

Our  cognitiv e mode l  A//OCU J ha s tw o actio n models :  A,onart < 
whic h predict s th e qualitativ e magnitude s o f  th e sona r  seg -
ments ,  an d Abearing ,  whic h predict s th e magnitud e o f  th e 
bearing ,  o n th e nex t  tim e step .  W h e n usin g thes e actio n mod -
els ,  ou r  cognitiv e mode l  choose s th e tur n tha t  woul d yiel d th e 
"best "  nex t  prediction ,  a s evaluate d b y Pgona n o r  Pbearing -
Evidenc e i n th e cognitiv e literatur e (Kent ,  1981 )  suggest s 
peopl e lear n specifi c  values ,  bu t  ove r  tim e thes e specific s ar e 
chunke d int o relevan t  categories .  Fo r  example ,  althoug h peo -
pl e migh t  memoriz e ever y size ,  color ,  an d shap e o f  bird s the y 
hav e seen ,  ove r  tim e the y generaliz e t o a  prototypica l  bird . 

Rarel y di d th e verba l  protocol s refe r  t o suc h specifi c  expec -
tation s a s "bearin g wil l  b e slightl y t o th e left. "  M o r e ofte n th e 
subject s wer e usin g coars e categorie s i n thei r  expectations , 
suc h a s "left, "  "close, "  "further, "  o r  "larger. "  Nevertheless , 
fe w subject s verbalize d thei r  expectations ,  an d th e evidenc e 
on thi s topi c i s les s clea r  tha n th e evidenc e fo r  th e focu s heuris -
tic .  S o m e verba l  statement s indicate d magnitud e (value )  pre -
dictions ,  thoug h th e granularit y o f  thes e prediction s varied . 
Othe r  statement s reflecte d prediction s o f  chang e (derivative ) 
i n senso r  values .  Variatio n occurre d i n bot h inter -  an d intra -
subjec t  protocols .  T o reflec t  suc h a  mixtur e o f  responses ,  ou r 
cognitiv e mode l  wil l  b e parameterize d i n thi s respect . 

We compar e th e learnin g curve s o f  difference s o f  vari -
ou s version s o f  ou r  mode l  t o bette r  understan d th e perfor -
mance tradeoffs .  W e first  compar e tw o version s o f  ou r  model : 
Mfocus ,  a s describe d earlier ,  an d M/ocus+der.t/ .  a  varian t  o f 
Mfocu )  tha t  predict s an d evaluate s senso r  derivative s rathe r 
tha n magnitudes .  Derivativ e prediction s ar e quantize d int o 
thre e categories :  increasing ,  decreasin g an d n o change . 

Adfonar a ' •  scnsor s X  action s —» 
Adtearin g ' •  scnsor s X  action s -
Pd,ofxar ,  • •  d(sonars)/d t  - ^  3 ? 
Pdbearin g •  d(bearing)/d t  — ^ 

d(sonars)/d t 
•  d(bearing)/d t 

Becaus e ther e i s n o clea r  evidenc e fo r  subject s preferrin g 
magnitud e versu s derivativ e predictions ,  w e d o no t  hav e a 
hypothesi s abou t  whic h wil l  perfor m better .  Figur e 4  present s 
th e empirica l  compariso n o f  th e tw o version s o f  th e model . 
I n retrospect ,  i t  i s  no t  surprisin g t o find  tha t  M/ocus+deri v 
outperform s M/ocu s sinc e th e forme r  capture s th e goa l  o f 
improvin g senso r  value s mor e explicitl y  an d i n a  m u c h mor e 
succinc t  form .  However ,  wha t  i s  quit e surprisin g i s th e degre e 
t o whic h Mfocus+deri v outpcrform s Mfocus -

We furthe r  tes t  thi s performanc e advantag e withou t  th e us e 
of  th e focu s heuristi c t o b e certai n i t  i s  independen t  o f  thi s 
heuristic .  T o d o this ,  w e compar e M„ofocus ,  whic h make s 
magnitud e predictions ,  wit h Mnofocus+deriv ^  whic h make s 
derivativ e predictions . 

Figur e 5  show s th e result s o f  thi s comparison .  Th e result s 
ar e quit e surprising .  No t  onl y doe s M„ofocus-\-deri v outper -
for m Mnofocus y bu t  th e performanc e o f  ou r  mode l  wit h th e 
derivativ e prediction s i s nearl y th e sam e regardles s o f  whethe r 
i t  doe s o r  doe s no t  us e th e focu s heuristi c (compar e Figure s 
4 an d 5) !  '&o\hMfocu,+deriv  an d M„<,/ocua+der. v ar e excel -
len t  performer s an d appea r  t o closel y approximat e th e curv e 
of  subjec t  1 .  W e conjectur e tha t  althoug h derivativ e predic -
tion s ar e mor e effectiv e tha n th e tas k decompositio n fo r  thi s 
particula r  Navigatio n task ,  ou r  subject s als o use d th e tas k 
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decompositio n becaus e peopl e hav e evolve d t o solv e a  wid e 
rang e o f  tasks .  Approach/avoidanc e i s broadl y applicable . 

I n a  final  experiment ,  w e tes t  whethe r  M/ocus+deri v di d 
bette r  tha n Mjoeu s becaus e i t  ha d fewer  categories ,  o r  i f  i t 
was becaus e the y wer e derivatives .  T o answe r  this ,  w e us e a 
versio n o f  Mfocu s tha t  make s magnitud e prediction s bu t  th e 
magnitude s ar e divide d int o fewe r  (nominal )  categorie s tha n i n 
Mfocu )  •  Th e categorie s chose n bes t  reflec t  th e verba l  protoco l 
data .  Bearin g value s ar e "ahead, "  "behind, "  "right, "  an d "left. " 
Sonar  value s ar e "far, "  "mid, "  an d "close. "  Thi s versio n o f 
th e mode l  i s abbreviate d Mjocu^+jewcat -  A  compariso n o f 
M/ocuj .  A^/ocuj+deriv.an d Mfocus+jewca t  i s  i n Figur e 6 . 

Figur e 6  suggest s tha t  th e derivativ e prediction s yiel d th e 
bes t  performance .  Apparently ,  ther e i s a  distinc t  advantag e 
i n predictin g th e chang e i n senso r  values ,  rathe r  tha n senso r 
magnitude s o n th e nex t  tim e step ,  t o selec t  a  turn .  H u m a n 
visio n i s designe d t o notic e changes ,  e.g. ,  se e Ken t  (1981) , 
and ou r  result s confir m th e valu e o f  thi s design . 

The difference s betwee n th e curve s fo r  Mjocus+fewca t  an d 
'"̂ ffocu s ar e no t  statisticall y significan t  ( a =  0.05) .  Al l  othe r 
paire d difference s betwee n learnin g curve s o f  variant s o f  th e 
model  i n Figur e 6 ,  a s wel l  a s al l  othe r  figures  i n thi s section , 
ar e significan t  ( a =  0.05) . 

Althoug h th e verba l  protoco l  dat a indicate s mixe d usag e o f 
predictio n types ,  ou r  result s her e sho w th e tradeoff s betwee n 
th e differen t  types .  T o mode l  huma n learners ,  th e mos t  accu -
rat e mode l  i s  on e tha t  ca n b e parameterize d t o reflec t  inter -  an d 
intra-individua ]  choices .  Futur e experiment s wil l  determin e 
th e condition s unde r  whic h eac h typ e o f  predictio n i s mad e s o 
tha t  w e ca n parameteriz e ou r  cognitiv e mode l  i n thi s respect . 

Discussion and Future Work 

The developmen t  o f  a n optima l  controlle r  fo r  thi s task ,  an d 
dat a collecte d fro m experiment s wit h huma n subjects ,  hav e 
taugh t  u s tha t  th e N R L Navigatio n tas k challenge s huma n 
learner s because :  (1 )  th e state s ar e onl y partiall y  observable , 
(2 )  th e time-critica l  natur e o f  th e tas k require s th e determina -
tio n o f  wha t  i s  relevan t  t o focu s o n when ,  an d (3 )  prediction s 
of  th e rewar d and/o r  senso r  value s ar e require d fo r  effective , 
time-constraine d learning . 

I n thi s paper ,  w e designe d a  cognitiv e mode l  o f  skil l  ac -
quisitio n o n th e N R L Navigatio n tas k tha t  capture s cor e sim -
ilaritie s i n tas k decompositio n i n ou r  huma n subjects .  W e 
demonstrate d th e us e o f  actio n model s i n huma n subject s an d 
constructe d variation s i n th e type s o f  prediction s supporte d 
by thes e actio n models .  Th e result s fro m a  systemati c stud y 
of  th e tas k decompositio n confir m th e goodnes s o f  fit  o f  ou r 
cor e mode l  t o huma n performanc e data .  Th e result s fro m ou r 
stud y o f  magnitud e versu s derivativ e prediction s b y th e actio n 
model s account s fo r  substantia l  difference s i n learnin g rates . 

I n th e future ,  w e pla n t o explor e othe r  desig n decision s i n 
our  model .  W e als o pla n t o gathe r  mor e detaile d dat a abou t 
prediction s mad e b y subjects ,  a s wel l  a s focu s o f  attentio n 
(usin g a n eyetracker )  t o sharpe n ou r  understandin g o f  thes e 
issues .  Relate d wor k alon g thes e line s evaluate s th e scannin g 
behavio r  an d menta l  workloa d o f  aircraf t  pilots ,  w h o als o 
make decision s base d o n gauge s (e.g. ,  se e Ito h e t  al. ,  1990) . 
Wit h mor e detaile d huma n data ,  w e pla n t o mode l  individua l 
subject s a t  a  leve l  tha t  wil l  enabl e u s t o predic t  th e form s o f 
thei r  trajectories . 
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