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Abstrac t 

Our goal is to develop a hybrid cognitive model of how 
humans acquir e skill s o n comple x cognitiv e tasks .  W e 
ai e pursuin g thi s goa l  b y designin g hybri d computa -
tiona 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 describ e result s o f  directl y fittin g huma n ex -
ecutio n dat a o n thi s task .  W e nex t  presen t  an d the n 
empiricall y compar e tw o method s fo r  modelin g con -
tro l  knowledg e acquisitio n (reinforcemen t  learnin g an d 
a nove l  varian t  o f  actio n models )  wit h huma n learnin g 
on th e task .  Th e pape r  conclude s wit h a n experimen -
ta l  demonstratio n o f  th e impac t  o f  backgroun d knowl -
edge o n syste m performance .  Ou r  result s indicat e tha t 
th e performanc e o f  ou r  actio n model s approac h mor e 
closel y approximate s th e rat e o f  huma n learnin g o n thi s 
tas k tha n doe s reinforcemen t  learning . 

Introduction 

Our  goa l  i s  t o develo p a  hybri d cognitiv e mode l  o f  h o w 
humein s acquir e skill s b y explici t  instructio n an d re -
peate d practic e o n comple x cognitiv e tasks .  W e ar e pur-
suin g thi s goa l  b y designin g hybri d computationa l  ar -
chitecture s fo r  th e N R L Navigatio n task ,  whic h require s 
sensorimoto r  coordinatio n skill .  I n thi s paper ,  w e de -
velo p a  nove l  metho d base d o n pa^amet^ic^actio n mod -
el s fo r  activel y learnin g visual-moto r  coordination .  Al -
thoug h similci r  t o previou s wor k o n actio n models ,  ou r 
metho d i s nove l  becaus e i t  capitalize s o n availabl e back -
groun d knowledg e regardin g senso r  relevance .  W e hav e 
confirme d th e existenc e an d us e o f  suc h knowledg e wit h 
extensiv e verba J protoco l  dat a collecte d fro m h u m a n sub -
jects .  I n ou r  actio n model s approach ,  th e agen t  activel y 
interact s wit h it s  environmen t  b y gatherin g executio n 
trace s (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  a n 
effectiv e polic y fo r  actio n choic e guide d b y th e actio n 
model . 

Thi s pape r  begin s b y describin g th e N R L Navigatio n 
task ,  a s wel l  a s th e type s o f  dat a collecte d fro m h u m a n 
subject s performin g th e task .  W e nex t  presen t  th e re -
sult s o f  fitting  th e dat a directly .  Then ,  tw o learnin g 
method s ar e described :  ou r  model-base d metho d an d a 
benchmar k reinforcemen t  learnin g algorith m tha t  doe s 
not  hav e a n explici t  model .  Prio r  result s reporte d i n 
th e literatur e o f  empirica l  comparison s o f  actio n mod -
el s versu s reinforcemen t  learnin g ar e mixe d (Lin ,  1992 ; 
Mahadevan ,  1992) ;  the y d o no t  clearl y indicat e tha t  on e 

metho d i s superior .  Her e w e compar e thes e tw o meth -
od s empiricall y o n th e Navigatio n tas k usin g a  larg e col -
lectio n o f  executio n traces .  Ou r  primar y goa l  i n thi s 
compariso n i s t o determin e whic h perform s mor e lik e 
h u m an learnin g o n thi s task .  Bot h method s includ e sen -
sor  relevanc e knowledg e fro m th e verba l  protocols .  Th e 
result s o f  thi s empirica l  compariso n indicate s tha t  ou r 
actio n model s metho d mor e closel y approximate s th e 
time-scale s sui d trend s i n h u m a n learnin g behavio r  o n 
thi s task . 

The NRL Navigation and Mine 

Avoidanc e Doma i n 

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 
an d hereafte 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 humein s throug h 
a graphica l  interface ,  o r  b y a n automate d agent .  Th e 
tas k involve s learnin g t o navigat e throug h obstacle s i n 
a two-dimensiona l  world .  A  singl e agen t  control s a n au -
tonomou s underwate r  vehicl e ( A U V )  tha t  ha s t o avoi d 
mine s an d rendezvou s wit h a  stationar y tairge t  befor e ex -
haustin g it s  fuel .  Th e mine s m a y b e stationary ,  drifting , 
or  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,  th e 
targe t  place d randoml y o n th e othe r  sid e o f  th e min e 
field,  an d rando m min e locations *  withi n a  bounde d re -
gion .  A n episod e end s wit h on e o f  thre e possibl e out -
comes:  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  binair y rewar d dependen t  o n th e 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  obtedn 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 remain -
in g fuel .  A  h u m a n subjec t  performin g thi s tas k see s vi -
sua 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 mo -
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tions .  Th e tur n an d spee d chose n o n th e previou s deci -
sio n cycl e ar e eulditionall y availabl e t o th e agent .  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 Navigatio n worl d i s a  partiall y  observabl e Marko v 
decisio n proces s ( P O M D P ) . 

Data from Human Subjects 

I n th e experiment s wit h humans ,  seve n subject s wer e 
used ,  an d 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 
t o gathe r  executio n trace s fo r  subsequen t  analysi s (Gor -
don e t  o/. ,  1994) .  W e a,]s o obtaine d verba l  protocol s b y 
recordin g subjec t  utterance s durin g pla y cin d b y collect -
in g answer s t o question s pose d a t  th e en d o f  th e individ -
ual  sessions . 

Fitting the Human Data 

Our  first  tas k wa s t o directl y fit  th e executio n trac e dat a 
fro m a  huma n subjec t  wh o ha d becom e a n exper t  a t  th e 
task .  I n othe r  words ,  ou r  goa l  wa s t o lear n a  stimulus -
respons e controlle r  tha t  represent s th e exper t  polic y use d 
by th e subject .  Thi s contro l  polic y cei n b e expresse d a s 
th e functio n F ,  where : 

F : sensors —>• actions 

The task was configured with a small (5%) amount 
of  senso r  nois e an d 2 5 stationar y mines .  W e use d 31 2 
time-indexe d executio n trac e snapshot s collecte d fro m 
an exper t  subject .  Eac h snapsho t  ha d th e senso r  val -
ues plu s th e correspondin g actio n take n b y th e subjec t 
unde r  thes e conditions .  Fou r  supervise d inductiv e learn -
in g paradigm s induce d controller s fro m thi s data :  C A R T 
(Breima n e t  ai ,  1984) ,  C4. 5 (Quinlan ,  1986) ,  M D L (Ris -
sanen ,  1983) ,  an d backpropagatio n i n neura l  network s 
(Rumelhar t  t  McClelland ,  1986) .  Fo r  al l  o f  thes e meth -
ods th e 1 2 input s wer e th e senso r  value s plu s th e valu e 
of  th e las t  tur n an d las t  speed ,  an d th e outpu t  wa s a n 
actio n chose n b y ou r  subject .  On e decisio n tre e o r  neu -
ra l  ne t  wa s constructe d fo r  predictin g th e subject' s nex t 
turn .  A  compariso n o f  th e accuracie s o f  th e fou r  method s 
on thi s predictio n tas k i s show n i n Tabl e 1 .  Th e neura l 
networ k functio n fitter  ha d th e smalles t  mean-square d 
error .  W e experimente d wit h a  wid e rang e o f  parame -
ter s fo r  th e neura l  network s an d repor t  th e result s wit h 
th e bes t  setting s (sweep s =  10^ ,  9  hidde n units ,  learnin g 
rat e a  =  0.1) .  Althoug h th e mean-square d erro r  o f  fit 
fo r  th e symboli c learnin g method s wa s higher ,  th e struc -
ture s produce d b y the m (especiall y C4.5 )  reveale d inter -
estin g aspect s o f  th e contro l  strateg y use d b y th e subjec t 

Metho d 
CART 
C4.5 
MDL 
NN 

Accurac y 
85. 3 
87. 8 
82.0 5 
92. 0 

MSE 
0.2 5 
0.2 2 
0.2 7 
0.1 1 

Rep.  Complexit y 
5 leave s i n tre e 
10 leave s i n tre e 
17 leave s i n tre e 
9 hidde n unit s 

'Not e tha t  althoug h huma n subject s us e a  joystic k fo r 
actions ,  w e d o no t  mode l  th e joystic k bu t  instea d mode l  ac -
tion 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) .  Huma n joystic k motion s 
ar e ultimatel y translate d t o thes e tur n an d spee d value s be -
for e bein g passe d t o th e simulate d task .  Likewise ,  th e learn -
in g agent s w e construc 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) . 

Tabl e 1 :  Result s o f  th e constructio n o f  stimulus-respons e 
controller s fro m executio n trac e dat a collecte d fro m hu -
m an subjects . 

that were remarkably consistent with the subject's ver-
hal  protoco l  data .  Fo r  instance ,  i t  demonstrate d tha t  th e 
subject s di d no t  giv e equa l  importance  t o al l  th e sona r 
information .  I n addition ,  th e las t  tur n actio n playe d a 
crucia l  rol e i n determinin g curren t  turn .  Th e insight s 
abou t  th e differentia l  relevanc e o f  variou s piece s o f  in -
formation ,  whic h wa s obtaine d b y examinin g thes e deci -
sio n tree s inspire d u s t o continu e workin g wit h C4. 5 fo r 
modelin g actio n choic e (se e below) . 

Methods for Modeling Action Selection 

L e a r n i n g 

Afte r  havin g fit  th e dat a fro m a  huma n exper t  a t  th e 
task ,  ou r  nex t  goa l  i s t o buil d a  mode l  tha t  mos t  closel y 
duplicate s th e huma n subjec t  dat a i n learnin g perfor -
mance,  i.e. ,  i n transitionin g fro m a  novic e t o a n ex -
pert .  Wit h n o senso r  nois e an d onl y 2 5 mines ,  al l  o f 
our  subject s becam e expert s a t  thi s tas k afte r  onl y a 
fe w episodes .  Modehn g suc h a n extremel y rapi d learn -
in 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 
and cognitiv e scienc e literature .  B y fa r  th e mos t  widel y 
use d machin e learnin g metho d fo r  task s lik e our s i s re -
inforcemen t  learning .  Reinforcemen t  learnin g i s mathe -
maticall y sufficien t  fo r  learnin g policie s fo r  ou r  task ,  ye t 
has n o explici t  worl d model .  Mor e c o m m o n i n th e cog -
nitiv e scienc e literatur e ar e actio n models ,  e.g. ,  (Arbib , 
1972) ,  whic h requir e buildin g explici t  representation s o f 
th e dynamic s o f  th e worl d t o choos e actions . 

Reinforcement learning 

Reinforcemen t  learnin g ha s bee n studie d extensivel y i n 
th e psychologica l  literature ,  e.g. ,  (Skinner ,  1984) ,  an d 
has recentl y becom e ver y popula r  i n th e machin e learn -
in g literature ,  e.g. ,  (Sutton ,  1988 ;  Lin ,  1992 ;  Gordo n k 
Subramanian ,  1993) .  Rathe r  tha n usin g onl y th e differ -
enc e betwee n th e predictio n an d th e tru e rewar d fo r  th e 
error ,  a s i n traditiona l  supervise d learning ,  (tempora l 
difference )  reinforcemen t  learnin g method s us e th e dif -
ferenc e betwee n successiv e prediction s fo r  error s t o im -
prov e th e learning .  Reinforcemen t  learnin g provide s a 
metho d fo r  modelin g th e acquisitio n o f  th e functio n F , 
describe d above . 

Currently ,  th e mos t  popula r  typ e o f  reinforcemen t 
learnin g i s  q-leaming ,  develope d b y Watkins ,  whic h i s 
base d o n idea s fro m tempora l  differenc e learning ,  a s wel l 
as conventiona l  dynami c programmin g (Watkins ,  1989) . 
I t  require s estimatin g th e 9-valu e o f  a  senso r  configura -
tio n s ,  i.e. ,  q{8 ,  a )  i s a  predictio n o f  th e utilit y  o f  takin g 
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actio n a  i n a  worl d stat e represente d b y s .  T h e 9-value s 
Me update d durin g learnin g base d o n minimizin g a  tem -
pora l  diflferenc e error .  Actio n choic e i s typicall y stochas -
tic ,  wher e a  highe r  ̂ -valu e implie s a  highe r  probabilit y 
tha t  actio n wil l  b e chose n i n tha t  state . 

Whil e -̂learnin g wit h explici t  stat e representation s 
addresse s th e tempora l  credi t  assignmen t  problem ,  i t  i s 
stsmdar d practic e t o us e inpu t  generalizatio n an d neura l 
network s t o als o addres s th e structurs J credi t  assignmen t 
problem ,  e.g. ,  (Lin ,  1992) .  T h e ^-valu e outpu t  nod e o f 
th e contro l  neura l  networ k correspondin g t o th e chose n 
actio n a  i s give n a n erro r  tha t  reflect s th e differenc e be -
twee n th e curren t  predictio n o f  th e utility ,  fl(«i,a,),  an d 
a bette r  estimat e o f  th e utilit y  (usin g th e reward )  o f  wha t 
thi s predictio n shoul d be : 

error,- = 

f {r + y max{q{s2,k)\keA})-q{si,ai) ifa, = a 
(̂  0  otherwis e 

where r is the reward, A is the set of available actions, a 
i s th e chose n action ,  8 2 i s th e stat e achieve d b y perform -
in g actio n a  i n stat e si ,  i  indexe s th e possibl e actions , 
an d 0  <  7  <  1  i s a  discoun t  facto r  tha t  control s th e 
learnin g rate .  Thi s erro r  i s use d t o updat e th e neura l 
networ k weight s usin g stcindar d backpropagation .  Th e 
resul t  i s  improve d 9-value s a t  th e outpu t  nodes . 

We selecte d 9-learnin g a s a  benchmar k algorith m wit h 
whic h t o compar e becaus e th e literatur e report s a  wid e 
rang e o f  successe s wit h thi s algorithm ,  includin g o n task s 
wit h aspect s simila r  t o th e N R L Navigatio n task ,  e.g. , 
see (Lin ,  1992) .  Ou r  implementatio n use s standar d q -
learnin g wit h neura l  networks .  O n e networ k correspond s 
t o eac h actio n (i.e. ,  ther e ar e thre e tur n network s corre -
spondin g t o tur n left ,  tur n right ,  an d g o straight ;  spee d 
i s fixe d a t  a  leve l  frequentl y foun d i n th e h u m a n exe -
cutio n traces ,  i.e. ,  20/40) .  Eac h tur n networ k ha s on e 
inpu t  nod e fo r  ever y on e o f  th e 1 2 senso r  input s (e.g. , 
on e fo r  bearing ,  on e fo r  eac h sona r  segment ,  etc.) ,  on e 
hidde n layer ^  consistin g o f  1 0 hidde n units ,  an d a  singl e 
outpu t  nod e correspondin g t o th e 9-valu e fo r  tha t  action . 
A Boltzmsm n distributio n i s use d t o stochasticall y maJc e 
th e fina l  tur n choice : 

probability{a\8) = e«('-")/^/ ^ c'^'-"')/^ (1) 
i 

wher e s  i s a  stat e an d th e temperatur e T  control s th e 
degre e o f  randomnes s o f  actio n choice . 

We us e a  rewar d r  compose d o f  a  weighte d s u m o f 
th e senso r  values. ^  Ou r  rewar d model s senso r  relevanc e 

^We ra n initia l  experiment s t o tr y t o optimiz e th e rein -
forcemen t  learnin g parameters .  Fo r  th e neura l  networks ,  th e 
chose n learnin g rat e i s 0.5 ,  momentu m 0.1 ,  1 0 hidde n units , 
and 1 0 trainin g iteration s fo r  th e neura l  network s an d a  dis -
coun t  facto r  o f  0.9 . 

^Ron Su n suggeste d a  rewar d o f  senso r  value s fo r  thi s tas k 
(persona l  communication) .  Ou r  choic e o f  senso r  weight s fo r 
th e rewar d i s 3 0 fo r  bearin g an d 1 0 fo r  eac h o f  th e thre e mid -
dl e son u segments ,  an d th e scal e fo r  th e rewar d i s betwee n 
-1. 0 an d 0 . 

informatio n derive d fro m th e h u m a n subject s dat a w e 
collected .  Thes e subject s appeare d t o lear n relevanc e 
knowledg e an d actio n selectio n knowledg e simultane -
ously .  Here ,  w e assum e th e relevanc e i s known .  Futur e 
wor k wil l  involv e method s fo r  acquirin g relevanc e knowl -
edge . 

Th e verba l  protocol s fro m h u m a n subject s revea l  tha t 
th e sona r  an d bearin g sensor s appea r  t o b e critica l  fo r 
actio n selection .  Furthermore ,  th e middl e thre e sona r 
segment s (whic h sho w wha t  i s directl y ahead )  appea r 
t o b e th e mos t  critica l  o f  th e sona r  segments .  Thi s i s 
logical :  afte r  all ,  th e middl e thre e sona r  segment s sho w 
a min e straigh t  ahea d s o yo u ca n avoi d collisions ,  an d th e 
bearin g tell s yo u whethe r  yo u ar e navigatin g towar d o r 
away fro m th e target .  Base d o n th e verba l  protoco l  data , 
we hav e implemente d a  rewar d functio n tha t  weight s th e 
bearin g equall y t o th e thre e sona r  segment s an d give s 
othe r  sensor s zer o weight .  Thus ,  i f  th e bearin g show s 
th e targe t  straigh t  ahea d an d th e middl e thre e sona r 
segment s sho w n o obstacles ,  the n th e rewar d i s highest . 

Th e verba l  protocol s als o indicat e heuristic s fo r  focus -
in g attentio n o n differen t  sensor s a t  differen t  times .  Thi s 
knowledg e i s implemente d i n ou r  nove l  varian t  o f  actio n 
models ,  describe d next .  Nevertheles s i t  i s  no t  imple -
mente d i n th e g-learne r  becaus e t o d o s o woul d requir e a 
departur e fro m th e standar d 9-leeirnin g architectur e re -
porte d i n th e literature ,  wit h whic h w e wis h t o compar e 
as a  benchmark . 

Learning action models 

One of the more striking aspects of the verbal pro-
tocol s w e collecte d wa s tha t  subject s exhibite d a  ten -
denc y t o buil d interna l  model s o f  action s an d thei r  con -
sequences ,  i.e. ,  forwar d model s o f  th e world .  Thes e ex -
pectation s produce d surprise ,  disappointment ,  o r  pos -
itiv e reinforcement ,  dependin g o n whethe r  o r  no t  th e 
prediction s matche d th e actua l  result s o f  performin g th e 
action .  Fo r  example ,  on e subjec t  ha d a n expectatio n 
of  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 m u c 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 
model  o f  th e consequence s o f  hi s movements :  "On e smal l 
movement  righ t  o r  lef t  seem s t o j um 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  segmen t  i n th e graphica l  in -
terface . 

Actio n model s (i.e. ,  forwar d models )  hav e appeare d i n 
multidisciplinar y source s i n th e literature .  Arbi b (1972 ) 
and Dresche r  (1991 )  provid e example s i n th e psychologi -
cal  literature ,  S T R I P S (Nilsson ,  1980 )  i s a  classi c exam -
pl e i n th e A I  literature ,  an d Sutto n use s the m i n D Y N A 
(Sutton ,  1988) .  Th e learnin g o f  actio n model s ha s bee n 
studie d i n th e neura l  network s (Moore ,  1992) ,  machin e 
learnin g (Sutton ,  1990 ;  Mahadevan ,  1992) ,  an d cogni -
tiv e scienc e (Munro ,  1987 ;  Jorda n &  Rumelhart ,  1992 ) 
communities . 
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Our  algorith m use s tw o functions : 

A : sensors x actions —• sensors 
P :  sensor s —•  3 ? 

i4 is an action model, which our method represents as 
a decisio n tree .  T h e decisio n tree s ar e learne d usin g 
Quinlan'sC4. 5 syste m (Quinlan ,  1986). ^  P  rate s th e de -
Birabilit y o f  variou s senso r  configurations .  P  embodie s 
backgroun d (relevance )  knowledg e abou t  th e task .  Fo r 
sonars ,  hig h utilitie s ar e associate d wit h larg e value s (n o 
or  distan t  mines) ,  an d fo r  th e bearin g senso r  hig h utili -
tie s ar e associate d wit h value s close r  t o th e targe t  bein g 
straigh t  ahead .  Currently ,  P  i s supplie d b y us .  A t  eac h 
tim e step ,  action s ar e selecte d usin g P  an d A  b y perform -
in g a  l-ste p lookahea d wit h mode l  A  an d ratin g sensor y 
configuration s generate d usin g P .  T h e au:tio n model s 
algorith m ha s th e sam e actio n se t  a s th e g-learnin g algo -
rithm ,  i.e. ,  tur n right ,  tur n left ,  o r  g o straigh t  a t  a  fixe d 
spee d (20/40) . 

First ,  ou r  algorith m goe s throug h a  trainin g phase , 
durin g whic h rando m turn s ar e take n am d th e executio n 
trace s save d a s inpu t  fo r  C4.5 .  C4. 5 model s th e learnin g 
of  th e functio n A .  I n particular ,  i t  construct s tw o deci -
sio n tree s fro m th e data :  on e tre e t o predic t  (fro m (s ,  a) ) 
th e nex t  composit e valu e o f  th e middl e thre e sona r  seg -
ment s (predictio n choice s ar e no-mines ,  mine-far ,  mine -
mid ,  mine-fairly-close ,  o r  mine-close ,  wher e thes e nomi -
nal  value s ar e translation s fro m th e numeri c sona r  read -
ings )  an d on e tre e t o predic t  th e bearin g o n th e nex t  tim e 
step .  Not e tha t  th e choic e o f  thes e tw o tree s employ s 
th e sam e relevanc e informatio n use d i n th e reinforcemen t 
learnin g rewar d function ,  namely ,  tha t  th e middl e thre e 
sona r  segment s an d bearin g ar e th e relevan t  sensors .  T h e 
trainin g phas e conclude s afte r  C4. 5 construct s thes e tw o 
decisio n trees . 

Durin g th e testin g phase ,  thes e tree s representin g th e 
worl d dynamic s {A )  ar e consulte d t o m a k e prediction s 
and selec t  turns .  Give n th e curren t  state ,  a  tre e i s cho -
sen .  Th e tre e selectio n heuristi c fo r  focu s o f  attentio n 
states :  i f  th e middl e thre e sona r  segment s ar e belo w a 
certai n empiricall y determine d threshol d (150/220) ,  th e 
sona r  predictio n tre e select s th e nex t  turn .  Otherwise , 
th e bearin g predictio n tre e select s th e nex t  turn .  T o 
make a  prediction ,  th e agen t  feed s th e curren t  senso r 
reading s (whic h includ e th e las t  tur n an d speed )  an d a 
candidat e nex t  tur n t o th e decisio n tre e ein d th e tre e re -
turn s th e predicte d sona r  o r  bearin g value .  T h e agen t 
choose s th e nex t  tur n whic h maximize s P. ^ 

I t  i s  unlikel y tha t  human s recomput e th e consequence s 
of  action s whe n th e curren t  stat e i s simila r  t o on e see n 
i n th e past .  Therefore ,  ou r  futur e wor k wil l  focu s o n 

*We are not claiming humans use decision trees for ac-
tio n models ;  however ,  w e us e thi s implementatio n becaus e 
i t  appezir s t o hav e a  computationa l  spee d tha t  i s neede d fo r 
modelin g huma n learning .  W e ar e als o investigatin g connec -
tionis t  model s a s i n Jorda n &  Rumelhar t  (1992) .  Currently , 
C4. S learnin g i s i n batch .  T o mor e faithfull y mode l  huma n 
learning ,  w e ar e plannin g t o us e a n incrementa l  versio n o f 
decisio n tre e learnin g i n futur e implementations . 

*I f  th e nex t  tur n i s considere d irrelevan t  b y th e decisio n 
tree ,  a  rando m actio n choic e i s made . 

memorizin g case s o f  successfu l  actio n mode l  us e s o tha t 
m e m o ry ca n b e invoked ,  rathe r  tha n th e trees ,  fo r  som e 
predictions . 

Empirical Evaluation of the Methods 

To mak e ou r  comparison s fair ,  w e includ e a  trainin g 
phas e fo r  th e reinforcemen t  learne r  wit h Boltzman n tem -
peratur e a t  0.5 ,  whic h result s i n rando m eictions. ® A 
testin g phas e follow s i n whic h th e tur n wit h th e bes t 
^-valu e i s  selecte d deterministicaJl y a t  eac h tim e step . 
I n suimnary ,  th e reinforcemen t  learne r  take s rando m eic -
tion s an d learn s it s  9-value s durin g training.' ^  I t  use s 
thes e learne d g-vadue s fo r  actio n selectio n durin g test -
ing .  T h e actio n model s metho d take s th e sam e rando m 
action s a s th e 5-learne r  durin g trainin g (i.e. ,  i t  experi -
ence s exactl y th e Scmi e senso r  an d £u:tio n trainin g dat a 
as th e 9-learner) ,  an d the n fro m thi s trainin g dat a i t 
leau'n s decisio n tre e actio n models .  A  heuristi c use s th e 
learne d tree s fo r  actio n selectio n durin g testing .  Neithe r 
of  th e tw o method s leetrn s durin g testing .  Bot h method s 
hav e th e sam e knowledg e regardin g whic h sensor s ar e 
relevant . 

We denot e th e g-learnin g schem e describe d abov e a s 
Qre i  an d th e actio n mode l  schem e wit h decisio n tree s 
describe d abov e a s Arei -  T w o scheme s i n whic h w e hav e 
remove d senso r  releveinc e knowledg e ar e denote d Qremre i 
an d Aremre i  respectivel y an d ar e describe d below . 

We empiricall y tes t  th e followin g hypotheses : 

•  Hypothesi s 1 :  T h e slop e o f  Ard' s learnin g curv e i s 
close r  tha n Qre/' s t o th e slop e o f  th e h u m a n learnin g 
curve ,  fo r  th e Navigatio n task . 

•  Hypothesi s 2 :  T h e slop e o f  Artmrei' s  learnin g curv e 
(respectively ,  Qremrei )  i s  lowe r  tha n tha t  o f  Art i  (re -
spectively ,  Qrti) ,  fo r  th e Navigatio n task . 

Th e justificatio n fo r  Hypothesi s 1  i s tha t  ou r  actio n mod -
el s metho d use s a n actio n choic e polic y speciall y de -
signe d t o capitaliz e o n senso r  relevanc e knowledge .  T h e 
justificatio n fo r  Hypothesi s 2  i s tha t  remove d o f  relevanc e 
knowledg e shoul d degrad e performance . 

I n ou r  experimenta l  test s o f  thes e hypotheses ,  th e 
trainin g phas e lengt h i s  varie d methodicall y a t  25 ,  50 , 
75 ,  an d 10 0 episodes .  T h 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 
number  o f  mine s i s fixe d a t  25 ,  ther e i s a  smal l  amoun t 
of  min e drift ,  an d n o senso r  noise .  Thes e tas k param -
ete r  setting s matc h exeictl y thos e use d fo r  th e h u m a n 
subjec t  whos e learnin g w e wis h t o model. ® Performanc e 
i s average d ove r  1 0 experiment s becaus e th e algorithm s 

*We also tried an annealing schedule but performance did 
not  improve . 

'Arbi b (1972 )  provide s convincin g cognitiv e justificatio n 
fo r  th e rol e o f  rando m exploratio n o f  action s i n th e acquisitio n 
of  moto r  skill . 

' W e experimente d wit h th e numbe r  o f  episode s an d chos e 
a settin g wher e performanc e improvemen t  levele d of f  fo r  bot h 
jjgorithms . 

'Bot h algorithm s g o straigh t  ( 0 turn )  fo r  th e firs t  thre e 
tim e step s o f  ever y episod e durin g training .  Thi s no t  onl y 
matche s performanc e w e observe d i n th e executio n trace s 
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Figur e 1 :  Th e grap h represent s th e learnin g curve s fo r 
Are i  an d Qrei -  Not e th e learnin g curv e o f  a  huma n sub -
jec t  superimpose d o n thi s graph . 

ar e stochasti c durin g training ,  an d testin g result s de -
pen d upo n th e dat a see n durin g training .  Graph s sho w 
mean performance ,  an d erro r  beir s denot e th e standar d 
deviation . 

To tes t  Hypothesi s 1 ,  w e use d dat a fro m a  typica l  (th e 
varianc e betwee n subject s wa s surprisingl y low )  subjec t 
fo r  a  singl e 45-minut e session .  Not e tha t  w e canno t  di -
vid 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 . 
Therefore ,  w e hav e average d performanc e ove r  a  slidin g 
windo w o f  1 0 previou s episodes .  W e considere d averag -
in g performanc e ove r  multipl e subjects ,  bu t  tha t  woul d 
entzd l  significan t  informatio n loss . 

Figur e 1  show s th e result s o f  testin g Hypothesi s 1 .  Th e 
actio n model s metho d outperform s reinforcemen t  learn -
in g a t  a  statisticeJl y significan t  leve l  (usin g a  pciired , 
two-taile d t-tes t  wit h a  =  0.05) .  Thus ,  Hypothesi s 1 
i s confirmed.* °  Apparently ,  ou r  nove l  metho d fo r  cou -
plin g actio n model s wit h a n actio n choic e polic y tha t 
exploit s senso r  relevanc e ha s tremendou s valu e fo r  thi s 
task .  W e beUev e tha t  on e o f  th e chie f  reason s fo r  th e su -
perio r  performanc e o f  th e actio n model s metho d i s th e 
actio n choic e heuristi c fo r  decidin g whe n t o pa y attentio n 
t o whic h sensor .  Anothe r  likel y reaso n fo r  th e dominanc e 
of  actio n model-base d method s i s tha t  neura l  network s 
wit h backpropagatio n ten d t o lear n slowl y (Chapma n & 
KaelbUng ,  1991) . 

To tes t  Hypothesi s 2 ,  w e mad e al l  seven ,  rathe r  tha n 

fro m huma n subjects ,  bu t  als o aid s th e learnin g proces s b y 
quickl y movin g th e A U V int o th e min e field . 

'̂'I t  i s unclea r  wh y th e performanc e o f  th e 9-learne r  drop s 
slightl y wit h mor e trednin g episodes ,  thoug h perhap s overfit -
tin g explain s this . 
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Figur e 2 :  Th e grap h represent s th e learnin g curve s fo r 

^remre l  an d Qremrel -

jus t  th e thre e middle ,  sona r  segment s relevan t  fo r  bot h 
algorithms ,  thereb y creatin g Aremre i  an d Qremrei -  Fig -
ur e 2  show s th e result s o f  testin g Hypothesi s 2 .  Qremre l 
perform s slightl y wors e tha n Qrei -  T h e performanc e 
dro p i s no t  statisticall y significan t  ( a =  0.10 )  fo r  trainin g 
length s o f  25 ,  50 ,  an d 100 ,  bu t  i s significan t  ( a =  0.10 ) 
wit h a  trainin g lengt h o f  75 .  T h e surpris e i s tha t  Aremre i 
outperform s Arei -  T h e difference s Jir e statisticall y signif -
ican t  a t  a  =  0.0 5 fo r  trainin g length s o f  7 5 an d 100 ,  bu t 
onl y a t  a  =  0.2 0 fo r  trainin g length s o f  2 5 an d 50 .  Ou r 
result s refut e Hypothesi s 2 .  Apparently ,  bot h method s 
ar e knowledg e sensitive ,  thoug h actio n model s i s mor e 
sensitive .  W e conjectur e tha t  th e reaso n th e actio n mod -
el s m e t h o d improve s wit h m o r e sensor y informatio n i s 
tha t  th e extr a sona r  segment s carr y som e usefu l  infor -
mation .  T h e actio n model s heuristic ,  whic h separate s 
sona r  an d bearin g information ,  i s  abl e t o tak e advantag e 
of  th e adde d sona r  information .  Becaus e th e ̂-learnin g 
m e t h o d lump s al l  knowledg e int o on e rewar d i t  prob -
abl y need s longe r  trainin g t o d o likewise .  Furthe r  ex -
periment s ai e neede d t o tes t  thi s hypothesis .  (Althoug h 
thes e result s wit h Aremre i  an d Qremre i  refut e Hypoth -
esi s 2 ,  the y provid e furthe r  confirmatio n o f  Hypothesi s 
1 becaus e th e performanc e improvemen t  o f  Aremre i  ove r 
tha t  o f  Qremre i  i s  Statisticall y significam t  wit h a  =  0.05) . 

Discussion and Future Work 

The most immediate pressing question is: why are both 
method s slowe r  learner s tha n th e human ? W e believ e hu -
mans hav e mor e knowledg e whe n the y begi n thi s task , 
perhap s fro m drivin g o r  walkin g experience .  W e ar e 
presentl y workin g t o mak e thes e form s o f  knowledg e 
explicit ,  s o w e ca n mor e closel y matc h huma n perfor -
mance usin g ou r  computationa l  models .  Anothe r  issu e 
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tha t  w e ar e currentl y investigatin g i s whethe r  th e powe r 
la w o f  practic e hold s fo r  huma n subject s i n thi s task ,  an d 
whethe r  ou r  model s confor m t o it .  Performanc e level s of f 
rathe r  quickl y bot h fo r  human s an d ou r  models ,  makin g 
thi s determinatio n challenging . 

Futur e wor k wil l  als o focu s o n studie s t o determin e th e 
sourc e o f  powe r  o f  ou r  actio n model s approac h ove r  th e 
qi-learne r  fo r  thi s task .  A s mentione d above ,  stron g can -
didat e explanation s ar e (1 )  th e focu s o f  attentio n knowl -
edge i n th e actio n model s heuristic ,  (2 )  th e us e o f  a n 
actio n mode l  pe r  se ,  an d (3 )  th e decisio n tre e represen -
tation . 
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