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Abst rac t 

Recent engineering considerations have prompted an 
improvemen t  t o th e leas t  mea n square s ( L M S ) 
learnin g rul e fo r  trainin g one-laye r  adaptiv e 
networks ;  incorporatin g a  dynamicall y modifiabl e 
learnin g rat e fo r  eac h associativ e weigh t  accellerate s 
overal l  learnin g an d provide s a  mechanis m fo r 
adjustin g th e salienc e of  individua l  cue s (Sutton , 
1992a,b) .  Prio r  researc h ha s establishe d tha t  th e 
standar d L M S rul e ca n characteriz e aspect s of  anima l 
learnin g (Rescorl a &  Wagner ,  1972 )  an d huma n 
categor y learnin g (Gluc k &  Bower ,  1988a,b) .  W e 
illustrat e her e h o w thi s enhance d L M S rul e i s 
analogou s t o addin g a  cue-salienc e o r  attentiona l 
componen t  t o th e psychologica l  model ,  givin g th e 
networ k mode l  a  mean s fo r  discriminatin g betwee n 
relevan t  an d irrelevan t  cues .  W e the n demonstrat e 
th e effectivenes s o f  thi s enhance d L M S rul e fo r 
modelin g huma n performanc e i n tw o non-stationar y 
learnin g task s fo r  whic h th e standar d L M S networ k 
model  fail s t o adequatel y accoun t  fo r  th e dat a 
(Hurwitz ,  1990 ;  Gluck ,  Glauthier ,  &  Sutton ,  i n 
preparation) . 

Introduct io n 

In earlier papers, we have explored a simple adaptive 
networ k a s a  mode l  o f  huma n learnin g (Gluc k & 
Bower ,  1988a.b ;  Gluck ,  Bower ,  &  Hee ,  1989 ;  Gluck , 
1991) .  Thi s networ k mode l  i s base d o n Rescorl a & 
Wagner' s (1972 )  descriptio n of  classica l  conditioning ; 
th e learnin g rul e i s th e sam e a s th e leas t  mea n square s 
( L M S )  learnin g rul e fo r  trainin g one-laye r  network s 
(propose d b y Widro w &  Hoff ,  1960) ,  wher e th e goa l 
of  learnin g i s t o minimiz e th e discrepanc y betwee n 
th e expecte d an d th e actua l  outcome . 
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Ther e are ,  however ,  man y differen t  engineerin g 
algorithm s fo r  minimizin g classificatio n error ,  th e 
L MS rul e i s  onl y th e simples t  o f  them .  Recen t 
engineerin g consideration s hav e prompte d a n 
improvemen t  t o th e leas t  mea n square s ( L M S ) 
learnin g rul e fo r  trainin g one-laye r  adaptiv e 
networks ;  incorporatin g a  dynamicall y modifiabl e 
learnin g rat e fo r  eac h associativ e weigh t  accellerate s 
overal l  learnin g an d provide s a  mechanis m fo r 
adjustin g th e salienc e of  individua l  cue s (Sutton , 
1992a,b) .  Fro m a  psychologica l  perspective ,  thi s 
enhance d L M S rul e i s  analogou s t o addin g a  cue -
salienc e or  attentiona l  componen t  t o th e 
psychologica l  model ,  givin g th e networ k mode l  a 
means fo r  discriminatin g betwee n relevan t  an d 
irrelevan t  cues .  Thus ,  i t  i s  simila r  t o psychologica l 
idea s o f  learnin g cue-specifi c  saliences , 
associabilities ,  an d attentiona l  parameter s (Pearc e & 
Hall ,  1980 ;  Mackintosh ,  1975 ;  Fre y &  Sears ,  1978) . 
We cal l  th e clas s o f  learnin g method s tha t 
dynamicall y adjus t  cue-specifi c  learnin g rate s 
dynamic-learning-rat e (DLR )  methods . 

D y n a m i c - L e a r n i n g - R a t e M e t h o d s 

Dynamic-leaming-rate (DLR) methods are meta-
leamin g algorithm s fo r  adaptin g step-siz e parameter s 
(i.e .  learnin g rates )  durin g a  base-leve l  learnin g 
process ,  whic h i n thi s pape r  i s th e Rescorla-Wagne r 
(1972 )  o r  L M S rul e (Widro w &  Hoff .  1960) .  Th e 
step-siz e parameter s ar e incrementall y adjuste d b y a 
gradien t  descen t  proces s t o optimiz e convergenc e an d 
trackin g performance .  Suc h method s hav e bee n o f 
interes t  withi n th e neura l  networ k communit y a s a 
way o f  speedin g th e relativel y slo w convergenc e o f 
learnin g method s suc h a s back-propagatio n (e.g. , 
Jacobs .  1988 ;  Silv a &  Almeida ,  1990 ;  Le e & 
Lippman ,  1990 ;  Sutton ,  1986 ;  Bart o &  Sutton ,  1981 ; 
Tollenaere ,  1990 )  an d hav e als o bee n propose d a s 
relevan t  t o a  ke y proble m i n machin e learning : 
findin g goo d individualize d learnin g rate s t o spee d 
and direc t  learnin g (Sutton ,  1992a) .  Recently ,  Sutto n 
(1992b )  ha s argue d tha t  thes e dynamic-leaming-rat e 
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Figur e 1 .  A .  Expecte d square d erro r  surfac e i n th e weigh t  spac e o f  a  networ k wit h tw o weight s o f  equa l  diagnosticit y 
(relevance) .  Th e tw o axe s show n represen t  th e possibl e value s o f  weight s 1  an d 2 ,  respectively .  Th e thir d axi s (show n 
as a  contou r  plot )  represent s th e expecte d square d error ,  an d th e globa l  minimu m o f  th e surfac e specifie s th e idea l 
weigh t  solution .  Th e L M S networ k learn s b y changin g th e weight s i n th e directio n o f  steepes t  descent .  B .  A  surfac e 
wit h differen t  slope s i n differen t  places .  I n th e sUndar d model ,  th e larges t  change s ar e mad e t o thos e weight s wher e th e 
surfac e drop s mos t  sharply ,  a s i n par t  Y .  A  bette r  strateg y woul d b e t o tak e large r  step s i n th e shallow ,  gentl y curvin g 
par t  X  t o travers e i t  efficiently ,  an d smalle r  step s i n par t  Y  t o preven t  instabilit y  an d oscillatio n i n th e network .  C .  A 
ravine :  a  surfac e wit h differen t  slope s i n differen t  directions .  Here ,  th e networ k shoul d tak e large r  step s alon g th e 
horizonta l  axi s wher e th e slop e i s gentl e (alon g th e ravine )  an d smalle r  step s alon g th e vertica l  axi s wher e i t  i s  stee p 
(acros s th e ravine )  (Afte r  Sutton ,  1986) . 

method s m a y improv e classica l  engineerin g method s 
fo r  estimatio n suc h a s least-square s method s an d th e 
Kalma n filter .  Th e ide a behin d thes e D L R method s 
i s a  generalizatio n o f  Kesten' s (1958 )  metho d fo r 
accelleratin g stochasti c aj^oximation .  Conside r  on e 
of  th e base-leve l  modifiabl e parameters-on e o f  th e 
weight s i n a  connectionis t  network ,  fo r  example~an d 
h o w i t  change s ove r  time .  I f  th e weigh t  change s ar e 
al l  i n th e sam e direction-e.g. ,  al l  increases-thi s 
signifie s tha t  th e step-siz e paramete r  i s to o small . 
Th e weigh t  coul d reac h it s asymptoti c valu e faste r  i f 
i t  too k large r  steps .  O n th e othe r  hand ,  i f  th e weigh t 
change s ar e i n opposit e directions-e.g. ,  first  u p an d 
the n down-thi s signifie s tha t  th e step-siz e paramete r 
i s to o large .  Fo r  example ,  opposite-signe d weigh t 
change s wil l  occu r  whe n th e weigh t  i s overshootin g 
it s optima l  value .  Th e basi c ide a behin d curren t  D L R 
method s i s t o adjus t  th e ste p siz e accordin g t o th e 
correlatio n betwee n successiv e weigh t  changes ,  wit h 
th e goa l  o f  obtainin g zer o correlation .  Jacob s (1988 ) 
propose d correlatin g th e curren t  weigh t  chang e wit h a 
recency-weighte d averag e o f  previou s weigh t 
changes .  Thi s updat e rul e wa s writte n A(t-l)A(t)an d 
was calle d th e Delta-Bar-Delt a algorithm .  Th e 
extensio n o f  thi s metho d t o th e incrementa l  cas e i s 
calle d th e Incrementa l  Delta-Bar-Delt a ( I D B D ) 
metho d (Sutton ,  1992a) .  Thi s i s th e metho d w e us e 
t o for m th e extende d psychologica l  mode l  explore d i n 
thi s paper . 

D L R method s hav e advantage s fo r  bot h stati c 
problems ,  i n whic h th e correc t  solutio n doe s no t 
change ,  an d fo r  non-stati c problems ,  i n whic h th e 
correc t  solutio n doe s chang e ove r  tim e an d mus t 
continuall y b e tracked . 

I n stati c problems ,  D L R method s hel p overcom e 
well-know n limitation s o f  steepes t  descen t  method s 
suc h a s L M S an d backpropagation .  I n th e weigh t 
spac e o f  a  networ k (i.e .  th e spac e forme d b y 
assignin g eac h connectio n weigh t  it s  o w n dimension) , 
th e expecte d square d erro r  form s a  surface .  Th e 
m in imu m o f  thi s surfac e i s th e poin t  a t  whic h th e 

erro r  i s smallest ;  thi s identifie s th e idea l  asymptoti c 
weight s fo r  a  particula r  learnin g task .  I n th e standar d 
model ,  a  ste p i s take n i n weigh t  spac e a t  eac h tria l  i n 
th e directio n i n whic h performanc e i s expecte d t o 
improv e mos t  rapidl y (Figur e lA ) .  Steepes t  descen t 
method s ar e wel l  k n o w n t o perfor m poorl y fo r 
surface s wit h differen t  slope s i n differen t  place s 
(Figur e IB )  an d fo r  thos e containin g ravines-place s 
whic h curv e mor e sharpl y i n som e direction s tha n 
other s (Figur e IC) .  I n boti i  o f  thes e cases ,  followin g 
th e directio n o f  steepes t  descen t  doe s no t  tak e yo u 
directl y t o th e m in imum .  Jacob s (1988 )  an d other s 
hav e show n tha t  D L R method s ca n significantl y 
increas e th e spee d o f  convergenc e o n stati c problems . 

Anothe r  advantag e o f  D L R method s i s o n non -
stati c "trackin g tasks" ,  i n whic h th e correc t  solutio n i s 
not  fixed,  bu t  continue s t o change .  Fo r  example . 
suppos e a  subjec t  i s  face d wit h a  sequenc e o f 
categorizatio n tasks .  Eve n i f  th e correc t  solutio n 
differ s fro m tas k t o task ,  th e sam e subse t  o f  cue s m a y 
alway s b e relevant .  I f  cue-relevanc e ca n b e learne d 
on th e earl y tasks ,  learnin g performanc e o n late r  task s 
ca n b e greatl y improved .  Advantage s o f  thi s sor t 
hav e bee n show n i n a n engineerin g contex t  fo r  D L R 
method s (Sutton ,  1992a,b) . 

The D L R Mode l 

In this section we present the specifics of the standard 
L M S mode l  an d o f  it s  extensio n wit h a  D L R method . 
We wil l  refe r  t o th e extende d mode l  a s th e D L R 
networ k model .  I n th e standar d L M S model ,  th e 
networ k operate s i n a  trainin g environmen t  i n whic h 
feedbac k (th e U S o r  th e correc t  classification )  i s 
give n afte r  eac h stimulu s pattern .  A t  eac h tim e step , 
or  trial ,  / ,  th e learne r  receive s a  se t  o f  inputs ,  x j  (t) ,  X 2 

(0 ,  .. .  ,  Xf j  (t) ,  compute s it s output ,  y  (r) ,  an d 

compare s thi s t o th e desire d output ,  X  (() •  I n th e 
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standar d model ,  th e tv ,  s  chang e o n eac h tria l 

accordin g to : 

Wj(t+l )  =  Wi{t )  +  a5{t)xi{t) , 

n 

wher e S{t )  =  X  (/ )  -  y  (0 .  an d y  (/ )  =  ̂ w , -  (/ )  X j  (/ ) 

i= l 
Th e learnin g rate ,  a  .  i s a  positiv e constan t  (o n th e 
orde r  o f  .0 1 i n mos t  simulations )  tha t  determine s ho w 
much al l  th e weight s chang e whe n th e outpu t  differ s 
from  th e trainin g signal . 

Wit h th e D L R algorithm ,  however ,  ther e i s a 
differen t  learnin g rate ,  a ,  ,  fo r  eac h input ,  X j  ,  an d 

thes e chang e accordin g t o a  meta-learnin g process . 
The base-leve l  learnin g rul e is : 

h; ,  (/+1 )  =  H-, '  ( 0 +  U j  0 + 1 ) 5 ( 0 X j  (r ) 

(Th e oCf  ar e indexe d b y /  +  1  rathe r  tha n /  t o indicat e 

tha t  thei r  update ,  b y a  proces s descibe d below ,  occur s 
befor e th e w ,  update. )  T o insur e tha t  th e learnin g 

rate s remai n positive ,  the y ar e expresse d an d store d i n 

the form: a,- (r) = e ^' ^^\ The IDBD algorithm we 

use d update s th e fij  by : 

0 8( 0 Jc,-(/)/»/(/ ) 

where 0 is a positive constant, the meta-learning 
rate ,  an d hi s a n additiona l  per-inpu t  memor y variabl e 
initialize d a t  zer o an d update d by : 

/i,(/+l) = A.j(/)[l-a,(r+l)jtf(o]'*" 

+ ai{t+l)8(t)xi(t) 

where [;c ] is x , if a: > 0, else 0. The first term in 

th e abov e equatio n i s a  deca y term ;  th e produc t  a, -

(r+1) x. (t) is normally zero or a positive fraction and 

this causes a decay of f^ towards zero. The second 

ter m increment s h j  b y th e previou s error .  Th e 

m e m o r y ,  /»,- ,  i s  thu s a  decayin g trac e o f  th e 

cumulativ e su m o f  recen t  error s (Sutton ,  1992) . 

Resul t s 

To assess the capabilities of the extended DLR 
model ,  w e loo k a t  mode l  fits  t o dat a fro m bot h a n 
X OR classificatio n tas k (Hurwitz .  1990 )  an d a  ne w 
reversa l  experimen t  (Gluck ,  Glauthier ,  &  Sutton ,  i n 
preparation) .  Bot h o f  thes e experiment s involve d 
relevan t  an d irrelevan t  dimensions .  Th e Gluc k e t  a l 
stud y i s a  non-stationar y tas k i n th e sens e tha t  th e 
correc t  respons e t o th e stimul i  change s ove r  time . 
Non-stationar y task s ar e especiall y appropriat e her e 
becaus e the y tes t  th e D L R model' s abilit y t o lear n 
biase s durin g earl y learnin g an d the n us e thes e biase s 
t o improv e late r  learning . 

X OR Experimen t  (Hurwitz ,  1990 ) 

Hurwitz (1990) describes an experiment in which 
subject s learne d t o classif y word s fro m a  ne w 
languag e int o on e o f  tw o categories .  Th e desig n 
involve d 1 6 patterns ,  eac h define d o n 4  binar y 
dimensions .  Th e assignmen t  o f  pattern s t o categorie s 
A an d B  wa s determine d b y tw o relevan t  dimensions , 
relate d t o th e categorie s b y th e X O R rule :  th e 
pattern s 11» » an d 22« '  wer e assigne d t o categor y A , 
and 12» » an d 2 1 "  t o categor y B ;  th e irrelevan t 
dimension s ar e indicate d b y bullet s (•) .  Th e trial s 
wer e broke n int o fou r  division s o f  8 0 trial s eac h wit h 
onl y a  subse t  o f  th e pattern s presente d durin g eac h 
divisio n (Figur e 2) .  Eac h subse t  wa s designe d s o tha t 
bot h th e firs t  an d secon d pair s o f  dimension s coul d 
produc e X O R relationship s t o th e categories . 
However ,  combination s o f  th e subset s preserve d thi s 
relationshi p onl y fo r  th e relevan t  pai r  o f  dimensions . 
Subject s w h o use d th e X O R relationshi p define d o n 
th e irrelevan t  pai r  o f  dimension s i n makin g thei r 
categorizatio n response s woul d therefor e sho w 
reduce d performanc e w h e n a  ne w subse t  wa s 
introduced .  Generalizatio n t o ne w pattern s i n a  ne w 
subse t  coul d onl y occu r  i f  th e relevan t  feature s ha d 
bee n discovere d durin g trainin g o n previou s subsets . 

A .  Se t Pattern s 
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Figur e 2 .  Hurwitz '  X O R experimenta l  design .  A .  Pattern s wer e divide d int o 4  subset s o f  4  pattern s eac h s o tha t  withi n 
eac h subse t  bot h th e firs t  an d secon d pair s o f  dimension s coul d produc e X O R relationship s t o th e categories . 
Combination s o f  subset s preserve d thi s relationshi p onl y fo r  th e firs t  pai r  o f  dimensions .  B .  Subset s wer e presente d 
wit h varyin g frequencie s i n eac h bloc k o f  8 0 trials . 
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Figur e 3 .  Fit s  t o performanc e o n Hurwitz '  X O R experiment .  A  an d B  sho w averag e percen t  correc t  ( y axis )  throughou t 
trainin g i n block s o f  1 0 trial s eac h ( x axis) .  Th e vertica l  Une s mar k th e division s wher e a  ne w subse t  o f  pattern s wa s 

introduced .  A  Standar d Configural-Cu e L M S Networ k (P=.03) .  B .  D L R Networ k (e=.01) .  C  an d D  sho w networ k 
weight s a t  th e en d o f  eac h division .  Eac h o f  th e 3 2 row s represent s th e connectio n weigh t  fo r  a  featur e nod e (bot h 
componen t  an d configural )  indicate d a t  th e left .  Th e middl e o f  a  ro w represent s a  weigh t  o f  0 ,  th e lef t  represent s -1 , 
and th e righ t  represent s +1 .  C .  Standar d Configural-Cu e L M S Networ k Mode l  whic h reache s a  stabl e solutio n b y th e 
end o f  Divisio n 3 .  D .  D L R Networ k Mode l  whic h stabilize s b y th e en d o f  Divisio n 2 . 

The result s o f  Hurwitz' s experimen t  sugges t  tha t 
many subject s wer e abl e t o distinguis h th e relevan t 
dimension s fro m th e irrelevan t  ones .  Subjects ' 
acquisitio n curv e wa s relativel y smooth ,  showin g a 
downwar d tren d onl y a t  th e beginnin g o f  th e secon d 
tria l  division .  I n th e thir d division ,  thei r  curv e 
remaine d smooth ,  despit e th e fac t  tha t  th e exempla r 
distributio n wa s changin g again .  B y th e fourt h 
division ,  the y wer e a t  virtuall y perfec t  performance . 

The mode l  fits  fro m Hurwitz' s simulation s sho w 
tha t  th e L M S configural-cu e networ k (Gluc k & 
Bower ,  1988b ;  Gluck ,  Bower ,  &  Hee ,  1989 )  an d 
exempla r  model s ar e unabl e t o accoun t  fo r  th e 
subjects '  abilit y  t o generaliz e t o th e ne w pattern s 
introduce d a t  th e beginnin g o f  th e thir d tria l  division . 
As show n i n Figur e 3A ,  performanc e o f  th e standar d 
configural-cu e L M S mode l  drop s significantl y a t  thi s 
point ,  wherea s th e subjects '  performanc e continue d t o 
improve . 

Hurwit z argue d tha t  th e configural-cu e L M S 
model  ha s n o mechanis m t o allo w i t  t o differentiat e 
relevan t  fro m irrelevan t  cues .  Thus ,  i t  doe s no t 
predic t  th e solvers '  generalizatio n t o ne w pattern s i n 
th e thir d divisio n o f  trials . 

The extende d mode l  presente d here ,  however , 
doe s hav e th e abilit y  t o differentiat e betwee n relevan t 

an d irrelevan t  cues .  A s wit h th e standar d networ k 
model ,  th e D L R networ k doe s no t  us e hidde n layer s 
or  backpropagation .  T h e individual ,  dynami c 
learnin g rate s o n eac h connectio n allo w th e networ k 
t o differentiat e relevan t  fro m irrelevan t  features .  A s 
show n i n Figur e 3B ,  performanc e o f  th e configural -
cu e D L R mode l  confinue s t o improv e a t  th e 
beginnin g o f  th e thir d tria l  division ,  despit e th e fac t 
tha t  th e exempla r  distributio n change s again .  Thi s i s 
consisten t  wit h th e empirica l  dat a an d suggest s h o w 
th e mode l  successfull y distinguishe s relevan t  fro m 
irrelevan t  dimensions . 

T o illuminat e th e differenc e betwee n th e standar d 
configural-cu e mode l  an d th e D L R mode l ,  w e 
compare d thei r  solution s a t  th e en d o f  eac h tria l 
division .  Th e majo r  differenc e betwee n th e models ' 
solution s wa s apparen t  a t  th e en d o f  Divisio n 2 . 
Wherea s th e standar d mode l  stil l  attribute d 
significan t  weigh t  t o th e loca l  X O R relationship s 
define d i n patter n subset s 2  an d 3  (Figur e 3 C ) ,  th e 
D L R mode l  reduce d weight s o n al l  irrelevan t 
dimension s t o virtuall y zer o (Figur e 3 D ) .  Onl y th e 
X OR solutio n tha t  remaine d consisten t  acros s subset s 
1 an d 2  wa s reflecte d i n th e weights .  Fo r  th e 
remainde r  o f  th e trials ,  thi s solutio n remaine d 
essentiall y  unchanged . 

543 



A N e w Reversa l  E x p e r i m e n t 

The DLR model is designed lo acquire an appropriate 
bia s fro m previou s learnin g experience .  A n idea l 
testin g groun d i s a  serie s o f  problem s requiring  non -
identica l  solution s bu t  simila r  biases .  Reversa l 
experiment s ar e a  goo d exampl e o f  thi s kin d o f 
problem .  I n suc h experiments ,  subject s lear n t o 
classif y stimul i  int o on e o f  tw o mutuall y exclusiv e 
categories .  A t  som e poin t  i n learning ,  typicall y afte r 
some criterio n ha s bee n reached ,  th e contingencie s 
ar e reversed.  Fo r  a  deterministi c classificatio n task , 
thi s mean s tha t  al l  stimulu s exemplar s tha t  ha d 
previousl y belonge d t o categor y A  no w belon g t o 
categor y B ,  an d vic e versa .  Fo r  a  probabilisti c  task , 
th e probabilit y  tha t  a n exempla r  belong s t o categor y 
A an d th e probabilit y  tha t  i t  belong s t o categor y B  ar e 
interchanged .  W h e n a n experimen t  involve s frequen t 
reversals  an d irrelevan t  cues ,  a  bia s fo r  th e relevan t 
ciie(s )  mus t  b e generate d fo r  optima l  performance .  A 
subjec t  w h o ha s identifie d th e relevant  cue(s )  wil l  b e 
abl e t o recove r  fro m a  reversal  muc h mor e quickl y 

tha n on e w h o ha s not . 
Our  experimen t  involve d fou r  binar y cues ,  on e o f 

whic h wa s th e relevan t  dimension .  Th e binar y cue s 
fo r  th e relevant  dimensio n determine d th e categor y 
assignmen t  o f  exemplar s wit h a  probabilit y  o f  0.9 . 
The cue s fo r  eac h o f  th e thre e irrelevan t  dimension s 
wer e assigne d t o eac h categor y equall y often .  Th e 
contingencie s wer e reversed  1 1 time s ove r  th e cours e 
of  th e experiment ;  th e cu e tha t  ha d bee n diagnosti c 
of  categor y A  becam e diagnosti c o f  categor y B ,  an d 
vic e versa .  Th e reversals  occurre d mor e frequentl y a s 
th e experimen t  progressed .  O f  th e 42 0 trial s 
presented ,  reversals  occurre d afte r  trial s 80,140,200 , 
240 .  280 ,  300 ,  320 .  340 ,  360 ,  380 ,  an d 400 . 

Recover y from  th e late r  reversal s wa s possibl e onl y i f 
th e relevant  dimensio n wa s discovere d earlie r  i n 
training .  Otherwise ,  performanc e woul d dro p afte r 
eac h reversa l  an d neve r  ge t  muc h abov e chance . 

Predictions. Prior to examining any human 
behaviora l  data ,  w e ca n compar e th e engineerin g 
valu e o f  th e standar d L M S networ k mode l  wit h tha t 
of  th e D L R networ k mode l  fo r  thi s particula r  task . 
For  eac h model ,  w e ca n ask :  wha t  i s th e bes t  i t  ca n 
do? Figur e 4 A show s th e performanc e o f  eac h mode l 
wit h th e bes t  valu e o f  it s fre e parameter . 

The standar d mode l  predict s tha t  wit h frequen t 
contingenc y reversals ,  idea l  weigh t  value s wil l  no t  b e 
reached.  Regardles s o f  th e siz e o f  th e learnin g rate , 
weight s o n al l  connection s wil l  begi n t o chang e t o 
compensat e fo r  th e sudde n increas e i n error .  Thus , 
th e weight s o n th e irrelevan t  dimension s wil l  begi n t o 
acquir e non-zer o value s i n respons e t o loca l 
characteristic s o f  th e tria l  ordering .  Thes e non-zer o 
value s tak e th e mode l  farthe r  fro m th e solution ,  an d 
kee p th e performanc e clos e t o chanc e unti l  the y ar e 
agai n brough t  dow n t o zero .  Thi s typ e o f  solutio n 
can b e characterize d a s "local "  o r  "unbiased" .  N o 
matte r  ho w muc h previou s learnin g ha s suggeste d 
tha t  th e weight s o n th e irrelevan t  dimension s b e kep t 
at  zero ,  weight s  fo r  al l  presen t  feature s stil l  change . 

The D L R mode l  predict s tha t  th e idea l  weight s fo r 
a bloc k o f  trial s betwee n reversal s wil l  b e approache d 
more an d mor e rapidl y a s th e experimen t  progresses . 
Wit h eac h reversal ,  th e bia s towar d th e relevant 
dimensio n wil l  becom e stronger .  I n othe r  words ,  th e 
learnin g rate s o n th e connection s firom  th e node(s )  fo r 
th e relevan t  dimensio n wil l  becom e larger ,  whil e al l 
othe r  learnin g rate s wil l  dro p towar d zero .  W h e n a 
reversa l  occurs ,  th e mode l  i s "biased "  towar d 
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Figur e 4 .  A .  Opt ima l  parameter s fo r  th e standar d an d D L R networ k models .  T h e grap h s h o w s averag e percen t  correc t  ( y axis ) 
throughou t  trainin g i n block s o f  1 0 trial s eac h ( x axis) .  T h e vertica l  line s m a r k th e division s wher e a  reversa l  occurred .  B .  Fit s 
t o performanc e o n Reversa l  Experiment .  Subject s w h o me t  criteri a wer e abl e t o recove r  from  reversal s lat e i n training .  Wherea s 
th e standar d m o d e l  exhibite d onl y chanc e performance ,  th e D L R networ k w a s abl e t o for m a  selectiv e bia s t o th e relevan t 
dimensio n an d recove r  from  th e reversals . 
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changin g onl y th e weight s o n th e relevan t  dimension . 
Weight s o n th e irrelevan t  dimension s sta y clos e t o 
zero ,  allowin g th e mode l  t o improv e it s peiformanc e 
more quickl y an d efficiently . 

Results. Subjects showed a gradual increase in 
performanc e ove r  th e firs t  bloc k o f  8 0 trial s an d a 
shar p dro p i n performanc e afte r  th e first  reversal .  I t 
too k subject s a n averag e o f  3 5 trial s t o recove r  fro m 
thi s first  reversal.  However ,  th e dro p i n performanc e 
on subsequen t  reversal s wa s considerabl y less ,  eve n 
thoug h th e reversal s occurre d mor e an d mor e 
frequently.  Recover y rate s wer e likewis e improved . 

The dat a w e obtaine d sugges t  tha t  man y subject s 
wer e abl e t o identif y th e relevan t  dimensio n an d us e 
thi s bia s t o hel p the m recove r  performanc e afte r  late r 
reversals .  Th e las t  7  reversals ,  occurin g ever y 2 0 
trials ,  wer e o f  particula r  interes t  becaus e o f  thei r 
frequency .  Wherea s th e standar d L M S networ k i s 
unabl e t o accoun t  fo r  th e solvers '  performanc e o n 
thes e late r  reversals ,  th e D L R mode l  fits  th e dat a wel l 
(Figur e 4B) . 

Conc lus i o n 

The new psychological model presented here 
emerge s fro m engineerin g considerations ;  i t  come s 
fro m a  searc h fo r  a  bette r  wa y t o minimiz e th e 
expecte d erro r  (Sutton ,  1992a.b) .  Givin g eac h inpu t 
it s  ow n dynami c learnin g rat e i s analogou s t o addin g 
a salienc e o r  attentiona l  componen t  t o th e learnin g 
mechanism .  Learnin g i s significantl y accellerate d o n 
stati c learnin g tasks .  O n serie s o f  related  task s wit h 
common relevan t  cue s an d o n selecte d non-stationar y 
tasks ,  th e extende d mode l  show s superio r  learnin g 
capacit y an d provide s a  bette r  accoun t  o f  huma n 
learnin g behavior .  W e hav e show n tha t  fo r  tw o suc h 
tasks ,  i n whic h th e standar d L M S configural-cu e 
model  (Gluc k &  Bower ,  1988b )  fail s  t o accoun t  fo r 
th e behaviora l  data ,  th e extende d D L R mode l 
succeed s fa r  better . 
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