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SKIL L LEARNIN G AN D REPETITIO N PRIMIN G I N SYMMETRY DETECTION: 

PARALLEL STUDIES OF HUMAN SUBJECTS AND CONNECTIONIST MODELS^ 

Neal J. Cohen 

Irene T. Abrams 

Walter S. Harley 

Lisa Tabor 

Department of Psychology 
The John s Hopkin s Universit y 

Terrence J. Sejnowski 

Department of Biophysics 
The John s Hopkin s Universit y 

ABSTRACT 

The present paper is a preliminary report of our work exploring 
skil l  learnin g an d repetitio n primin g i n paralle l  studie s o f 
mirro r  symmetr y detectio n i n human s an d networ k models .  Th e 
memory mechanism s supportin g th e acquisitio n o f  skil l  an d 
repetitio n primin g i n human s hav e bee n th e subjec t  o f  muc h 
speculation .  O n on e account ,  drawin g o n th e distinctio n betwee n 
procedura l  an d declarativ e learning ,  thes e learnin g phenomen a gro w 
out  o f  experience-base d tunin g an d reorganizatio n o f  processin g 
module s engage d b y performanc e i n a  give n domain ,  i n a  manne r  tha t 
i s  intimatel y tie d t o th e operatio n o f  thos e modules .  Suc h 
learnin g appear s simila r  t o tha t  suggeste d b y th e Incrementa l 
learnin g algorithm s currentl y bein g explore d i n massively-paralle l 
connectionis t  model s (e.g. ,  th e Boltzman n machine) .  I n th e 
presen t  work ,  bot h learnin g phenomen a wer e observe d i n th e 
behaviora l  dat a fro m huma n subject s an d th e simulatio n dat a fro m 
th e networ k models .  Th e networ k model s showe d primin g effect s 
fro m th e star t  o f  d e nov o learnin g despit e bein g designe d t o 
handl e generalizatio n t o ne w material s -  th e essenc e o f  skil l 
learnin g -  an d withou t  additiona l  mechanism s designe d t o provid e a 
temporar y advantag e fo r  recentl y presente d material .  Primin g 
occurre d fo r  th e huma n subject s despit e th e us e o f  nove l  material s 
fo r  whic h pre-existin g representation s canno t  alread y b e presen t 
i n memory .  Thes e finding s suppor t  th e notio n tha t  skil l  learnin g 
and repetitio n primin g ar e linke d t o basi c incrementa l  learnin g 
mechanism s tha t  serv e t o configur e an d reorganiz e processin g 
module s engage d b y experience . 

1 Supporte d b y a  Biomedica l  Researc h Suppor t  Gran t  fro m th e Divisio n o f 
Researc h Resources ,  NI H an d a  gran t  fro m th e Sloa n Foundatio n t o NJC ,  an d b y 
grant s fro m th e Nationa l  Scienc e Foundation ,  Syste m Developmen t  Foundation , 
Genera l  Electri c Corporation ,  Exxo n Educatio n Foundation ,  Allie d Corporatio n 
Foundation ,  Westinghouse ,  an d Smith ,  Klin e &  Frenc h Laboratorie s t o TJS .  We 
than k Carolin e McKeldi n fo r  researc h assistanc e an d Valeri e Meh l  fo r 
manuscrip t  preparation .  Reprin t  request s shoul d b e sen t  t o Nea l  J .  Cohen , 
Departmen t  o f  Psychology ,  Th e John s Hopkin s University ,  Baltimore ,  MD 21218 . 
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INTRODUCTION 

The memor y mechanism s supportin g th e abilit y  t o acquir e ne w skill s  an d 

th e additiona l  facilitatio n o f  performanc e du e t o repetitio n primin g effect s 

(i.e. ,  superiorit y i n tas k performanc e fo r  repeate d materials )  hav e bee n th e 

subjec t  o f  muc h recen t  wor k i n cognitiv e scienc e an d cognitiv e 

neuropsychology .  Skil l  learnin g an d repetitio n primin g ar e bot h exhibite d a s 

a consequenc e o f  experienc e i n amnesi c patient s despit e thei r  impaire d recal l 

and recognitio n o f  th e specifi c  material s use d t o trai n an d tes t  skille d 

performance ,  poo r  recollectio n o f  th e learnin g experience s durin g whic h 

skille d performanc e wa s developed ,  an d poo r  insigh t  int o th e natur e o f  th e 

knowledg e underlyin g th e increasingl y skille d performanc e (se e Cohen ,  1985 ; 

Squir e &  Butters ,  198 4 fo r  reviews) .  Skil l  learnin g an d repetitio n primin g 

hav e bee n dissociate d fro m aspect s o f  explici t  rememberin g (recal l  an d 

recognition )  i n norma l  subject s a s wel l  (se e Kolers ,  1979 ;  Schacter ,  1985 ; 

Tulving ,  198 5 fo r  reviews) .  We hav e argue d tha t  thes e learnin g phenomen a 

reflec t  th e operatio n o f  a  procedura l  memor y syste m tha t  influence s th e 

organizatio n o f  perceptua l  an d actio n system s i n a  wa y tha t  doe s no t  depen d 

upo n explici t  representatio n o f  particula r  learnin g experience s o r  o f  rule s 

abou t  th e worl d (Cohen ,  1985 ;  Cohen ,  Eichenbaum ,  DeAced o &  Corkin ,  1985 ; 

Squir e &  Cohen ,  1984) .  O n thi s view ,  skille d performanc e i n a  give n domai n 

grow s ou t  o f  th e tunin g and '  reorganizatio n o f  processin g an d actio n module s 

engage d b y performanc e i n tha t  domain ;  th e learnin g tha t  result s consequen t  t o 

experienc e i n tha t  domai n i s intimatel y tie d t o th e operatio n o f  it s 

processin g components . 

The characteristic s o f  procedura l  learnin g an d it s relationshi p t o th e 

declarativ e syste m hav e bee n explore d mos t  extensivel y b y Joh n Anderson ,  wh o 

has modele d th e procedura l  syste m i n a  production-syste m framewor k i n th e 

contex t  o f  a  broade r  conceptualizatio n o f  memor y an d cognitio n (e.g. , 

Anderson ,  1982 ,  1983) .  Ou r  vie w o f  th e procedura l  system ,  however ,  an d th e 

explanatio n o f  skil l  learnin g an d repetitio n primin g tha t  i t  suggests ,  seem s 

t o bea r  stron g similarit y t o tha t  o f  th e incrementa l  learnin g algorithm s 

currentl y bein g explore d i n massively-paralle l  networ k models . 

One exampl e o f  networ k architecture s i s th e Boltzman n machine ,  whic h ha s 

bee n applie d successfull y t o suc h problem s a s figure-groun d separatio n i n 
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visua l  perceptio n (Sejnowsk i  &  Hinton ,  1986) .  Th e processin g unit s i n thi s 

architectur e ar e binar y an d connecte d symmetricall y wit h couplin g strength s o r 

weight s tha t  ca n hav e positiv e o r  negativ e values .  Ther e exist s a  learnin g 

algorith m fo r  th e Boltzman n machin e tha t  allow s th e networ k t o automaticall y 

fin d a  se t  o f  weight s fo r  solvin g a  proble m give n onl y example s o f  typica l 

input s an d th e require d output s (Hinto n &  Sejnowski ,  1983 ;  Ackley ,  Hinto n & 

Sejnowski ,  1985) .  Th e Boltzman n machin e learnin g algorith m ha s recentl y bee n 

use d fo r  learnin g t o detec t  th e axi s o f  mirro r  sjrmmetr y i n checkerboard-base d 

pattern s (Sejnowski ,  Kienke r  6e Hinton ,  1986) .  Thi s proble m i s a  second-orde r 

predicat e i n th e sens e o f  Minsk y an d Paper t  (1969 )  an d i s beyon d th e 

capabilit y  o f  th e perceptro n learnin g algorith m (Rosenblatt ,  1959 )  an d 

Hopfiel d network s (Hopfield ,  1982) .  Th e crucia l  differenc e tha t  distinguishe s 

Boltzman n machine s fro m perceptron s an d allow s the m t o solv e difficul t 

problem s i s th e presenc e o f  additiona l  unit s betwee n th e inpu t  an d outpu t 

layers ,  calle d hidde n units .  Thes e hidde n unit s ca n b e use d a s featur e 

detector s fo r  solvin g th e problem ;  th e learnin g algorith m discover s th e 

optima l  se t  o f  featur e detector s b y shapin g th e weight s amon g unit s throug h 

incrementa l  changes . 

I n nearl y al l  previou s wor k wit h connectionis t  models ,  th e focu s ha s bee n 

on th e abilit y  o f  a  networ k t o generaliz e fro m example s t o ne w instance s o n 

whic h th e networ k wa s no t  previousl y trained^ .  Th e wor k wit h huma n subject s 

suggest s tha t  skil l  learning ,  measure d i n term s o f  th e improvemen t  i n 

performanc e fo r  nove l  material s i n th e traine d domain ,  i s  closel y associate d 

wit h repetitio n primin g effects ,  th e additiona l  facilitatio n i n performanc e 

specifi c  t o th e material s actuall y presente d durin g training .  I n orde r  t o 

examin e whethe r  thes e learnin g phenomen a ar e linke d i n th e networ k model s a s 

the y ar e i n humans ,  w e hav e bee n explorin g skil l  learnin g an d repetitio n 

primin g i n bot h Boltzman n machin e architecture s an d huma n subject s i n studie s 

of  mirro r  symmetr y detectio n fo r  checkerboard-base d patterns .  I t  i s  importan t 

t o not e tha t  thi s enterpris e i s no t  i n an y wa y intende d t o offe r  th e Boltzman n 

machin e implementatio n o f  sjamnetry-detectio n learnin g a s a  detaile d mode l  o f 

how human s actuall y acquir e skil l  i n thi s domain .  Rathe r  i t  i s  intende d t o 

2 Althoug h McClellan d &  Rumelhar t  (1986 )  an d Carpente r  an d Grossber g e t 
al .  (1985 )  hav e considere d repetitio n primin g effect s i n model s o f  wor d recognition . 
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explor e whethe r  simple ,  incrementa l  learnin g algorithm s ca n manifes t  bot h 

stimulus-generalizabl e skil l  learnin g an d stimulus-specifi c  repetitio n primin g 

phenomena i n th e sam e networks . 

Perceptio n o f  mirro r  sjnnnmetrie s i s super b i n human s (e.g. ,  Kohler ,  1929 ; 

Garner ,  1962 ;  Bruc e &  Morgan ,  1975 ;  Barlo w &  Reeves .  1979) ,  and ,  indeed ,  ha s 

bee n assume d t o pla y a n importan t  rol e i n th e earl y stage s o f  visua l 

processin g (e.g. ,  Mar r  &  Nishihara ,  1978 ;  Biederman ,  1985) .  I t  i s  no t 

surprising ,  then ,  tha t  studie s o f  mirro r  symmetr y detectio n i n human s hav e 

focuse d o n it s psychophysica l  characteristic s rathe r  tha n o n it s improvemen t 

wit h practice .  Th e acquisitio n o f  visua l  symmetr y recognitio n ha s bee n 

studie d i n pigeon s (Deliu s &  Nowak ,  1982 )  an d Boltzman n machine s (Sejnowski , 

Kienke r  &  Hinton ,  1986) ,  bu t  thi s stud y is ,  t o ou r  knowledge ,  th e firs t  t o 

examin e th e acquisitio n o f  mirro r  symmetr y detectio n i n humans .  We assum e 

tha t  despit e thei r  alread y develope d skil l  i n symmetr y detection ,  human s wil l 

sho w considerabl e practic e effects ,  learnin g ho w bes t  t o appl y symmetry -

detectio n routine s t o thi s particula r  clas s o f  visua l  materials ,  e.g. , 

learnin g abou t  th e critica l  visua l  feature s tha t  ar e diagnosti c o f  mirro r 

symmetr y fo r  differen t  axe s i n thes e particula r  checkerboard-base d patterns . 

An importan t  questio n tha t  ha s bee n raise d i n previou s wor k o n repetitio n 

primin g i n humans ,  an d especiall y i n wor k wit h huma n amnesi c patients ,  i s  th e 

exten t  t o whic h primin g depend s upo n a  structured ,  pre-existin g knowledg e bas e 

i n whic h particula r  fact s ca n b e temporaril y  activate d b y recen t  experience , 

rathe r  tha n upo n acquisitio n o f  ne w knowledg e (e.g. ,  se e Fowler ,  Napp s & 

Feldman ,  1985 ;  Schacter ,  1985 ;  Gordon ,  1986) .  Th e presen t  wor k addresse s thi s 

issu e i n tw o ways :  First ,  th e checkerboard-base d pattern s use d a s stimul i  i n 

th e presen t  studie s ar e nove l  materials ,  an d ar e no t  a  par t  o f  subjects '  pre -

existin g knowledg e structures .  Tha t  is ,  an y primin g effect s obtaine d her e 

coul d no t  b e accounte d fo r  b y postulatin g th e temporar y activatio n o f  alread y 

store d logogen -  o r  pictogen-lik e representations .  Second ,  th e compute r 

simulatio n wor k explore s th e possibilit y  o f  primin g effect s i n network s 

learnin g d e novo ,  wher e n o pre-existin g knowledg e i s provide d abou t 

topography ,  symmetry ,  o r  checkerboard-base d patterns .  Th e presen t  pape r  i s a 

preliminar y repor t  o f  finding s fro m ou r  paralle l  studie s o f  huma n subject s an d 

compute r  simulation s relevan t  t o understandin g th e mechanism s o f  repetitio n 

primin g an d it s relationshi p t o skil l  learning . 
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METHOD 

Subject s 

Twenty-tw o student s a t  Th e John s Hopkin s Universit y volunteere d t o b e 

subject s i n th e presen t  studies .  O f  these ,  1 2 serve d i n th e primin g 

experimen t  an d 1 0 serve d i n th e axi s generalizatio n experiment . 

Materials 

Stimul i  wer e computer-generated ,  mirror-sjrmmetri e visua l  pattern s 

constructe d b y designatin g a s purpl e approximatel y 40 % (rang e -  31-49% )  o f  8 1 

cell s withi n a  9x 9 blu e display .  Eac h patter n wa s symmetrica l  abou t  on e an d 

onl y on e o f  fou r  axes :  horizontal ,  vertical ,  lef t  diagonal ,  o r  righ t 

diagonal .  Th e precis e distributio n o f  purpl e an d blu e cell s withi n a  pattern , 

give n a  particula r  axi s o f  symmetry ,  wa s determine d randoml y b y a n IB M PC . 

The pattern s wer e approximatel y 1 3 c m o n eac h sid e an d subtende d approximatel y 

8 de g o f  visua l  angle . 

Apparatus 

Pattern s wer e presente d o n a n IB M P C colo r  displa y controlle d b y a n IB M 

PC.  Reactio n time s an d respons e axe s wer e recorde d vi a a  Summagraphic s 

optica l  mouse . 

General Procedure 

Subject s wer e seate d individuall y i n fron t  o f  a n IB M P C colo r  displa y 

controlle d b y a n IB M PC ,  an d hel d a  Sunraiagraphic s optica l  mous e i n thei r 

dominan t  hand .  The y wer e presente d wit h a  serie s o f  40 0 pattern s (divide d 

evenl y amon g th e 4  axes )  organize d int o block s o f  60-80 .  Withi n eac h bloc k 

ther e wa s a n equa l  numbe r  o f  pattern s representin g eac h axis ,  wit h n o axi s 

occurrin g mor e tha n 3  time s i n succession .  Subject s initiate d eac h tria l  b y 

pressin g th e lef t  butto n o f  th e mouse .  Eac h tria l  consiste d o f  a  visua l 

patter n presente d fo r  8 3 mse c followed ,  afte r  a  1 7 mse c unfille d delay ,  b y a 

visua l  mask .  Th e mas k consiste d o f  a  regular ,  alternating-colo r  checkerboar d 

whose cell s wer e identica l  i n siz e an d colo r  t o th e tes t  stimuli .  I t  remaine d 

on th e scree n unti l  a  respons e wa s recorded ,  o r  unti l  8  se c ha d elapsed , 

endin g th e trial .  Subject s wer e instructe d t o indicat e th e axi s o f  symmetr y 
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by movin g th e mous e o n th e table-mounte d pa d i n th e directio n analogou s t o th e 

axi s perceive d o n th e display .  The y wer e instructe d t o respon d a s quickl y an d 

as accuratel y a s possible ,  guessin g wheneve r  i n doubt .  Afte r  eac h response , 

feedbac k wa s give n i n th e for m o f  a  re-presentatio n o f  th e patter n wit h th e 

additio n o f  a  lin e indicatin g th e correc t  axis .  Th e feedbac k patter n remaine d 

on th e scree n fo r  2  sec . 

Prio r  t o th e star t  o f  th e tes t  series ,  subject s receive d a  practic e 

sessio n consistin g o f  2 0 stimul i  (divide d equall y amon g th e axe s presente d i n 

th e subsequen t  experimenta l  condition) ,  eac h presente d wit h a  feedbac k lin e 

indicatin g th e correc t  axis . 

Exp. 1: Priminig: experiment 

Subject s wer e traine d o n a  combinatio n o f  repeatin g (primed )  an d 

nonrepeatin g patterns .  O f  th e 40 0 stimul i  presente d t o eac h subject ,  ther e 

wer e 24 0 nonrepeatin g pattern s (6 0 o f  eac h axis )  common t o al l  subjects ,  wit h 

eac h subjec t  receivin g a  different ,  pseudo-randomize d order .  Th e remainin g 

160 stimul i  wer e th e primes ,  consistin g o f  a  se t  o f  pattern s tha t  repeate d a t 

one o f  thre e differen t  rates :  I n th e 1/1 0 condition ,  4  pattern s ( 1 o f  eac h 

axis )  repeate d i n ever y 10+ 2 stimuli ;  i n th e 1/2 0 condition ,  8  pattern s ( 2 o f 

eac h axis )  repeate d i n ever y 20+ 6 stimuli ;  i n th e 1/4 0 condition ,  1 6 pattern s 

( 4 o f  eac h axis )  repeate d i n ever y 40+1 0 stimuli .  Not e tha t  th e overal l 

percentag e o f  prim e stimul i  i n eac h serie s wa s maintaine d a t  40 % acros s th e 

differen t  condition s b y doublin g th e numbe r  o f  prim e pattern s fo r  eac h halvin g 

of  th e prim e repetitio n rate .  Th e prim e pattern s wer e yoke d acros s th e thre e 

priming-rat e condition s suc h tha t  a  give n prim e patter n appeare d i n eac h 

condition .  Stimul i  wer e presente d i n 5  block s o f  80 . 

Exp. 2: Axis generalization experiment 

Thi s experimen t  consiste d o f  a  trainin g phase ,  i n whic h pattern s wer e 

symmetri c abou t  on e o f  onl y tw o axes ,  an d a  testin g phase ,  i n whic h pattern s 

wer e sjrmraetri c abou t  on e o f  fou r  axes ,  a s i n th e primin g experiment .  Th e 

trainin g phas e consiste d o f  10 0 stimul i  symmetri c abou t  eithe r  th e lef t  an d 

righ t  diagona l  axes ,  fo r  on e grou p o f  subjects ,  o r  th e horizontal-vertica l 

axes ,  fo r  anothe r  group .  Thes e stimuli ,  presente d i n 2  block s o f  50 ,  wer e 

differen t  fo r  eac h subject .  Th e testin g phas e consiste d o f  30 0 stimul i  (7 5 o f 
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eac h axis )  common t o al l  subjects ,  wit h eac h subjec t  receivin g a  different , 

pseudo-rando m order .  Th e tes t  stimul i  wer e presente d i n 5  block s o f  60 . 

Computer Simulations 

Network s 

Two network s wer e studied .  Bot h ha d 8 1 inpu t  units ,  representin g th e 8 1 

cell s o f  th e 9x 9 array ,  an d 4  outpu t  units ,  representin g th e 4  possibl e axe s 

of  mirro r  sjmimetry .  The y differe d wit h respec t  t o th e numbe r  an d connectivit y 

of  th e hidde n units .  On e networ k ha d 1 2 hidde n units ,  eac h full y an d 

symmetricall y connecte d t o al l  o f  th e inpu t  unit s an d outpu t  unit s (hereafte r 

calle d th e global-uni t  network) .  Th e othe r  networ k ha d 7 2 hidde n units ,  eac h 

connecte d t o th e 4  outpu t  unit s an d t o on e o f  9  3x 3 section s o f  th e 9x 9 

stimulu s arra y (hereafte r  calle d th e local-uni t  network) .  Fo r  bot h networks , 

th e hidde n unit s wer e no t  interconnected . 

General procedure 

The learnin g algorith m an d implementatio n detail s ar e th e sam e a s thos e 

describe d i n Sejnowski ,  Kienke r  an d Hinto n (1986) .  Al l  network s starte d wit h 

al l  weight s se t  t o zer o excep t  fo r  th e axi s generalizatio n experiment ,  i n 

whic h th e trainin g phas e ra n unti l  performanc e reache d asymptot e an d the n 

switche d t o th e testin g phas e unti l  performanc e agai n reache d asymptote . 

Approximatel y 40,000-100,00 0 pattern s wer e presente d i n eac h simulation . 

Materials 

Pattern s wer e randoml y generate d followin g th e sam e constraint s a s thos e 

use d i n th e huma n experiments .  Pattern s wer e compose d o f  approximatel y 40 % 

(rang e =  31-49% )  o f  th e 8 1 cell s i n a  9x 9 arra y bein g "on "  i n suc h a  wa y a s t o 

be symmetri c abou t  on e an d onl y on e o f  th e fou r  axes . 

Exp. 1: Priming experiment 

The network s wer e traine d o n a  combinatio n o f  repeatin g (primed )  an d 

nonrepeatin g patterns .  I n eac h simulation ,  tw o primin g rate s wer e included , 

wit h on e bein g a  multipl e o f  2  o r  3  tha t  o f  th e other .  I n eac h cas e (wit h th e 

exceptio n o f  th e conditio n wit h th e highes t  primin g rate ;  se e below) ,  ther e 

wer e a t  leas t  2 0 differen t  pattern s tha t  serve d a s prim e stimul i  fo r  eac h 
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primin g rate ,  divide d equall y amon g th e differen t  axes .  Ther e wer e si x 

differen t  conditions ,  involvin g primin g rate s o f  1/5 0 an d 1/150 ,  1/10 0 an d 

1/200 ,  1/20 0 an d 1/400 .  1/40 0 an d 1/800 ,  1/80 0 an d 1/1600 ,  an d 1/83 3 an d 

1/2500 . 

Fiv e simulatio n condition s wer e ru n wit h th e global-uni t  networ k wit h 

severa l  replications .  Fo r  thre e o f  these ,  th e overal l  percentag e o f  prim e 

stimul i  wa s hel d constan t  a t  30 % (2 0 differen t  pattern s eac h a t  1/10 0 an d 

1/200 ;  8 0 differen t  pattern s eac h a t  1/40 0 an d 1/800 ;  an d 16 0 differen t 

pattern s eac h a t  1/80 0 an d 1/1600) .  Fo r  th e othe r  tw o simulations ,  th e 

overal l  percentag e o f  prim e stimul i  wa s permitte d t o vary ,  wit h 9  an d 2 0 prim e 

pattern s respectivel y a t  1/5 0 an d 1/15 0 (31 % prim e stimuli) ,  an d 2 0 prim e 

pattern s eac h a t  1/83 3 an d 1/250 0 (3.2 % prim e stimuli) . 

Fiv e simulatio n condition s wer e ru n wit h th e local-uni t  networ k wit h 

severa l  replications .  Fo r  tw o o f  these ,  th e overal l  percentag e o f  prim e 

stimul i  wa s hel d constan t  a t  30 % (4 0 differen t  pattern s eac h a t  1/20 0 an d 

1/400 ;  an d 8 0 differen t  pattern s eac h a t  1/40 0 an d 1/800) .  Fo r  th e othe r 

thre e simulations ,  th e overal l  percentag e o f  prim e stimul i  wa s permitte d t o 

vary ,  wit h 2 0 differen t  pattern s eac h a t  1/10 0 an d 1/20 0 (30 % prim e stimuli) . 

at  1/20 0 an d 1/40 0 (15 % prim e stimuli) ,  an d 1/40 0 an d 1/80 0 (7.5 % stimuli) . 

Exp. 2: Axis generalization experiment 

I n th e trainin g phase ,  th e network s wer e presente d wit h pattern s 

symmetri c abou t  on e o f  onl y tw o axes ,  eithe r  th e lef t  an d righ t  diagona l  axes , 

fo r  on e se t  o f  simulations ,  o r  th e horizontal-vertica l  axes ,  fo r  anothe r  se t 

of  simulations .  I n th e testin g phase ,  th e network s wer e presente d wit h 

pattern s symmetri c abou t  on e o f  th e fou r  possibl e axes ,  a s i n th e primin g 

experiment . 

RESULTS 

Human Experiments 

Exp.  1 :  Primin g experimen t 

Subject s bega n trainin g wit h performanc e wel l  abov e chanc e level s an d 

showed stead y skil l  learnin g acros s th e 5  block s o f  th e experiment .  Wit h 

practice ,  response s t o th e nonrepeate d pattern s becam e increasingl y accurat e 
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Figur e 1 .  Percen t  correc t  acros s trial s fo r  prime d an d unprime d 
patterns .  Acros s primin g condition s (1/10 ,  1/20 ,  an d 1/40) .  th e 
overal l  percentag e o f  prim e stimul i  wa s hel d constant . 

(see Figure 1) and had shorter latencies (see Figure 2). Subjects also showed 

clea r  repetitio n primin g effects ,  measure d bot h i n term s o f  percen t  correc t 

(Figur e 1 )  an d reactio n tim e (Figur e 2 ) .  Repetitio n primin g wa s eviden t  fo r 

al l  block s fo r  th e 1/1 0 repetitio n rat e an d seeme d t o emerg e b y th e las t  tw o 

block s fo r  th e 1/2 0 repetitio n rate ;  n o primin g wa s observe d fo r  th e 1/4 0 

repetitio n rate . 

One interestin g resul t  concern s performanc e fo r  th e differen t  axe s whe n 

analyze d separately .  Performanc e wa s superio r  fo r  th e horizonta l  an d vertica l 

axes ,  fo r  whic h subject s presximabl y hav e ha d a  goo d dea l  mor e real-worl d 

experienc e prio r  t o th e presen t  studies ,  tha n fo r  th e diagona l  axes ,  whic h 

see m t o pla y les s o f  a  rol e i n ou r  perceptua l  experience .  Th e observe d 

differenc e i n performanc e wa s maintaine d acros s al l  5  block s o f  th e experimen t 

(se e Figur e 3 ) . 

Exp.  2 :  Axi s generalizatio n experimen t 

Result s fo r  th e 2-axi s trainin g an d 4-axi s testin g phase s o f  thi s 

experimen t  ar e presente d i n Figur e 4  (onl y th e firs t  3  o f  th e 5  testin g block s 

ar e shown) .  Dat a ar e presente d separatel y fo r  trainin g o n horizontal-vertica l 
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axe s versu s diagona l  axe s (middl e an d botto m panels) ,  an d ar e als o average d 

togethe r  a s traine d versu s untraine d axe s (to p panel) .  Th e skil l  learnin g 

exhibite d b y subject s fo r  ne w pattern s di d no t  generaliz e acros s axes .  Afte r 

tw o block s o f  trainin g wit h tw o axes ,  performanc e o n th e untraine d axe s a t  th e 

star t  o f  th e 4-axi s testin g phas e wa s n o bette r  tha n -  indeed ,  o n averag e wa s 

poore r  tha n -  performanc e a t  th e beginnin g o f  th e trainin g phase .  Note , 

however ,  tha t  thes e dat a d o no t  tak e int o accoun t  difference s i n numbe r  o f 

respons e alternative s betwee n th e trainin g an d testin g phases .  T o th e exten t 

tha t  th e observe d performanc e include s som e amoun t  o f  guessin g distribute d 

• trained 0 untrained 

160 24 0 32 0 

# o f  T r i a l s 

•  dia g 0  hor-ver t 

160 24 0 32 0 

# o f  T r i a l s 

•  dia g 0  hor-ver t 

160 24 0 32 0 

# o f  T r i a l s 

Figur e 4 .  Percen t  correc t  acros s trial s whe n traine d o n eithe r 
diagona l  (middle )  o r  horizontal-vertica l  axe s (bottom )  an d teste d 
on al l  fou r  axes .  Overal l  effec t  o f  trainin g i s show n a t  top . 
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among th e se t  o f  respons e alternatives ,  th e contributio n o f  guessin g t o 

performanc e woul d b e differen t  fo r  trainin g tha n fo r  testing ,  artificiall y 

lowerin g th e score s o n th e testin g phase .  Ou r  inspectio n o f  th e error s an d 

observation s o f  subject s takin g th e tes t  suggest s tha t  rathe r  littl e 

contributio n i s mad e t o th e observe d performanc e b y distributin g guesse s amon g 

th e se t  o f  respons e alternatives ,  thereb y lessenin g it s presume d impact . 

The cleares t  findin g o f  thi s experimen t  wa s th e differenc e betwee n 

performanc e fo r  th e diagona l  axe s an d performanc e fo r  th e horizontal-vertica l 

axes ,  amplifyin g th e effec t  see n i n Exp .  1 .  First ,  lookin g onl y a t  th e 

trainin g results ,  subjects '  initia l  performanc e wa s bette r  fo r  th e horizontal -

vertica l  axe s (botto m panel )  tha n fo r  th e diagona l  axe s (middl e panel) ,  an d 

ther e wa s mor e improvemen t  ove r  th e tw o trainin g block s fo r  th e horizontal -

vertica l  axe s tha n fo r  th e diagona l  axes .  Moreover ,  th e effect s o f  2-axi s 

trainin g o n 4-axi s tes t  performanc e wa s dramaticall y differen t  fo r  th e tw o 

set s o f  axes :  Trainin g o n th e horizontal-vertica l  axe s produce d a  hug e 

advantag e i n performanc e fo r  thes e axe s ove r  th e diagona l  axe s whe n teste d i n 

th e 4-axi s conditio n (botto m panel) ,  wherea s trainin g o n th e diagona l  axe s 

serve d onl y t o boos t  performanc e o n thes e axe s t o th e leve l  o f  th e horizontal -

vertica l  axe s whe n teste d i n th e 4-axi s conditio n (middl e panel) . 

Computer simulations 

Exp.  1 :  Primin g experimen t 

For  eac h network ,  simulation s showe d bot h skil l  learnin g fo r  nonrepeate d 

item s an d repetitio n primin g fo r  repeate d items ,  eve n ove r  ver y lon g lag s (se e 

Figure s 5-8) .  Th e findin g o f  primin g i n th e global-uni t  networ k fo r  th e 

1/160 0 conditio n (se e Figur e 6 )  deserve s particula r  emphasis .  Th e primin g 

effec t  wa s apparen t  wit h fewe r  tha n 1 2 presentation s o f  a  give n prim e patter n 

sprea d ou t  ove r  20,00 0 stimuli .  I n fact ,  i n a  subsequen t  stud y (Cohen , 

Abrams ,  Harley ,  Tabor ,  Gordon ,  &  Sejnowski ,  1986) ,  w e hav e demonstrate d 

primin g wit h a s fe w a s 6  presentation s o f  a  give n prim e stimulu s sprea d ou t 

among 20,00 0 patterns .  I n addition ,  th e primin g effec t  wa s remarkabl y 

reproducibl e acros s replications .  Tha t  is ,  fo r  thos e set s o f  simulation s tha t 

include d overla p amon g th e primin g rate s (e.g. ,  fo r  th e local-uni t  network , 

th e thre e simulation s ha d primin g rate s o f  1/10 0 an d 1/200 ,  1/20 0 an d 1/400 , 

and 1/40 0 an d 1/800 ;  loo k acros s panel s o f  Figur e 7 ) ,  th e performanc e o f 
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Figur e 6 .  Percen t  correc t  fo r  global-uni t  networ k fo r  prime d an d 
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tw o differen t  primin g rates .  Th e overal l  percentag e o f  prim e 
stimul i  wa s maintaine d acros s simulations . 
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Figur e 7 .  Percen t  correc t  fo r  local-uni t  networ k fo r  prime d an d 
unprime d stimuli .  Eac h o f  thre e simulation s teste d performanc e o n 
tw o differen t  primin g rates .  Th e overal l  percentag e o f  prim e 
stimul i  wa s permitte d t o var y conditions . 

networ k fo r  th e sam e primin g rat e o n differen t  occasion s wa s virtuall y 

identical .  Th e performanc e o f  bot h network s fo r  th e differen t  axe s wa s nearl y 

invariant ,  unlik e th e result s fo r  huma n subjegts . 

The tw o network s differe d i n a  nxunbe r  o f  interestin g ways .  First ,  thoug h 

bot h network s starte d learnin g d e novo ,  th e local-uni t  networ k learne d muc h 

more rapidly ,  reachin g a  highe r  leve l  o f  performanc e fo r  nonrepeate d stimul i 

i n 40,00 0 trial s (se e Figure s 7  &  8 )  tha n di d th e global-uni t  networ k i n 

80,00 0 trial s (se e Figure s 5  &  6 ) .  Second ,  despit e th e superio r  skil l 

learnin g o f  th e local-uni t  network ,  th e global-uni t  networ k wa s th e mor e 

sensitiv e on e t o priming ,  showin g a  primin g effec t  eve n a t  a  primin g rat e o f 

1/160 0 (se e Fig .  6 )  an d a t  1/320 0 (Cohe n e t  al. ,  1986) ,  wherea s th e local-uni t 

networ k showe d onl y margina l  primin g a t  a  primin g rat e o f  1/80 0 (se e Figure s 7 

& 8 ) .  Third ,  th e global-uni t  networ k bu t  no t  th e local-uni t  networ k showe d a 

trade-of f  betwee n skil l  learnin g an d repetitio n primin g a s a  functio n o f 

primin g rat e whe n th e overal l  percentag e o f  prim e stimul i  wa s permitte d t o 

vary .  Thus ,  performanc e fo r  th e prim e stimul i  wa s bette r  i n th e 1/5 0 an d 

1/15 0 conditio n tha n i n th e 1/83 3 an d 1/250 0 condition ,  wherea s performanc e 

fo r  th e nonrepeate d stimul i  wa s poore r  i n th e 1/5 0 an d 1/15 0 conditio n tha n i n 
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Figur e 8 .  Percen t  correc t  fo r  local-uni t  networ k fo r  prime d an d 
unprime d stimuli .  Eac h o f  tw o simulation s teste d performanc e o n 
tw o differen t  primin g rates .  Th e overal l  percentag e o f  prim e 
stimul i  wa s maintaine d acros s simulations . 

th e 1/83 3 an d 1/250 0 conditio n (se e Figur e 5 ) .  Th e trade-of f  disappeared , 

however ,  whe n th e overal l  percentag e o f  prim e stimul i  wa s hel d constan t  acros s 

th e differen t  primin g rat e condition s (se e Figur e 6 ) .  Fo r  th e local-uni t 

network ,  ther e wa s n o trade-of f  regardles s o f  whethe r  th e overal l  percentag e 

of  prim e stimul i  varie d o r  wa s constan t  (se e Figure s 7  6e 8 ) . 

Inspectio n o f  th e weight s fo r  th e hidde n unit s o f  th e tw o network s wa s 

illuminating .  Th e hidde n unit s i n th e global-uni t  networ k behave d i n th e 

manner  reporte d b y Sejnowsk i  e t  al .  (1986) .  Th e weight s wer e frequentl y 

antisymmetri c abou t  on e o r  mor e axes ,  an d ofte n wer e als o symmetri c abou t  on e 

or  mor e othe r  axes .  Th e amoun t  o f  antisymmetr y wa s striking .  Th e spatia l 

distributio n o f  th e weight s t o inpu t  unit s correspondin g t o differen t  portion s 

of  th e receptiv e fiel d varie d considerabl y amon g hidde n unit s an d represente d 

a numbe r  o f  differen t  type s o f  geometri c feature s a s wel l  a s som e isolate d 

cell s i n th e array .  Man y o f  th e geometrica l  features ,  suc h a s linea r  stripe s 

or  angles ,  wer e quit e global ,  spannin g th e entir e widt h o r  lengt h o f  th e 

array .  Frequently ,  suc h feature s wer e represente d i n on e hidde n uni t  alon g 

wit h thei r  complemen t  i n a  differen t  unit .  Finally ,  th e weight s t o som e 
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Figur e 9 .  Percen t  correc t  fo r  global-uni t  networ k whe n traine d o n 
eithe r  horizontal-vertica l  (middle )  o r  diagona l  axe s (bottom )  an d 
teste d o n al l  fou r  axes .  Overal l  trainin g effec t  i s  show n a t  top . 

hidde n unit s wer e ver y small ,  suggestin g tha t  thes e unit s playe d littl e o r  n o 

rol e i n th e solutio n t o th e problem . 

The hidde n unit s i n th e local-uni t  networ k behave d i n a  simila r  fashion , 

althoug h thei r  receptiv e field s wer e quit e local ,  bein g restricte d t o 

particula r  3x 3 section s o f  th e 9x 9 inpu t  array .  Here ,  too ,  th e numbe r  o f 

unit s whos e weight s wer e se t  u p t o detec t  antisymmetr y wa s striking .  Th e 

presenc e o f  hidde n unit s wit h weight s representin g geometrica l  feature s an d 

thei r  complemen t  i n a  uni t  wit h a  matchin g receptiv e fiel d wa s note d her e a s 

well .  A n interestin g aspec t  o f  th e hidde n unit s i n thi s networ k wa s th e 
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apparent reliance of the network on units with receptive fields in the center 

3x3 sectio n o f  th e inpu t  array .  Thi s sectio n i s relevan t  t o detectio n o f  an y 

of  th e fou r  axes .  Accordingly ,  th e weight s fo r  suc h unit s wer e typicall y 

sensitiv e t o multipl e axe s and ,  i n particular ,  wer e antisynmietri c fo r  on e o r 

more axe s whil e bein g symmetri c fo r  on e o r  mor e others . 

Exp. 2: Axis generalization experiment 

Bot h network s traine d o n a  particula r  pai r  o f  axe s showe d a  decremen t  i n 

overal l  performanc e whe n switche d t o testin g wit h al l  4  axe s (se e Figure s 9  & 
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teste d o n al l  fou r  axes .  Overal l  trainin g effec t  i s  show n a t  top . 
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10) .  No t  onl y di d performanc e declin e fo r  th e traine d axes ,  especiall y i n th e 

global-uni t  network ,  bu t  performanc e o n th e previousl y untraine d axe s wa s 

poore r  a t  th e star t  o f  th e 4-axi s testin g tha n wa s performanc e fo r  th e othe r 

pai r  o f  axe s a t  th e star t  o f  th e 2-axi s training .  Again ,  thi s wa s 

particularl y eviden t  fo r  th e global-uni t  network .  Unlik e th e performanc e o f 

human subjects ,  neithe r  o f  th e network s showe d a  preferenc e fo r  th e 

horizontal-vertica l  axe s ove r  th e diagona l  axes ,  o r  vic e versa .  (Not e tha t 

thes e data ,  lik e thos e presente d fo r  huma n subjects ,  d o no t  tak e int o accoun t 

th e differenc e betwee n th e trainin g an d testin g phase s i n numbe r  o f  respons e 

alternatives .  Preliminar y dat a fro m simulation s i n whic h th e network s ar e 

traine d o n 2  axe s an d the n teste d o n onl y th e othe r  2  axe s suggest s tha t  th e 

previousl y untraine d axe s neithe r  benefi t  no r  suffe r  fro m prio r  trainin g o n 

othe r  axes. ) 

The weight s fo r  th e hidde n unit s i n th e tw o network s wer e simila r  t o 

thos e discusse d above .  On e findin g o f  interes t  tha t  come s fro m thi s 

particula r  tas k wa s th e preponderanc e o f  hidde n unit s i n th e local-uni t 

networ k tha t  wer e responsiv e t o bot h o f  th e tw o axe s durin g th e 2-axi s 

trainin g phase .  Inspectio n o f  th e hidde n unit s wit h receptiv e field s i n th e 

cente r  3x 3 sectio n o f  th e inpu t  arra y reveale d a n organizatio n o f  weight s tha t 

nearl y alway s wa s symmetri c fo r  on e axi s an d antisymmetri c fo r  th e other .  Fo r 

th e othe r  units ,  i n mos t  o f  th e case s i n whic h th e uni t  wa s responsiv e t o onl y 

one axis ,  i t  wa s responsiv e t o antisymmetr y i n tha t  axis .  Hidde n unit s wit h 

receptiv e field s i n portion s o f  th e inpu t  arra y no t  relevan t  t o distinguishin g 

betwee n th e axe s bein g teste d ha d smal l  weight s an d wer e inactive .  Upo n 

switchin g t o 4-axi s testing ,  thes e inactiv e unit s rapidl y too k o n weight s 

appropriat e t o th e ne w axes ,  makin g thi s networ k rathe r  mor e responsiv e t o th e 

chang e i n stimulu s parameter s tha n wa s th e global-uni t  network .  Th e global -

uni t  networ k wa s force d t o reconfigur e it s hidden-uni t  weight s t o confor m t o 

th e ne w stimulu s parameters . 

DISCUSSION 

The presen t  wor k document s skil l  learnin g an d repetitio n primin g i n 

symmetr y detectio n fo r  bot h huma n subject s an d th e Boltzman n machine .  Th e 

behaviora l  dat a fro m human s an d th e simulatio n dat a fro m th e networ k model s 

shar e certai n qualitativ e similarities ,  bu t  ar e differen t  i n som e significan t 
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quantitativ e an d qualitativ e respects .  Th e differenc e quantitativel y betwee n 

human an d mode l  performanc e i s striking :  Th e numbe r  o f  trial s require d fo r 

th e network s t o lear n th e tas k i s som e tw o order s o f  magnitud e greate r  tha n 

tha t  require d b y humans .  Moreover ,  th e performanc e o f  th e network s fo r 

unprime d stimul i  seem s t o platea u a t  approximatel y 70-80 % correct ,  dependin g 

upo n th e condition ,  wherea s th e performanc e o f  ou r  huma n subject s continue s t o 

improv e wit h practice ,  an d wil l  approac h 100 % correc t  wit h enoug h trials . 

Note ,  however ,  tha t  human s com e t o thi s tas k wit h considerabl e topographi c 

knowledg e an d familiarit y wit h symmetr y detection ,  an d thei r  initia l 

performanc e o n th e tas k i s wel l  abov e chance .  B y contrast ,  th e Boltzman n 

machin e start s it s learnin g d e novo ;  i t  mus t  lear n simultaneousl y abou t  bot h 

symmetr y an d th e critica l  aspect s o f  symmetr y detectio n fo r  thes e particula r 

materials .  It s performanc e o n th e presen t  tas k start s a t  chance .  I n additio n 

t o thi s differenc e i n wha t  mus t  b e learned ,  th e discrepanc y betwee n th e 

relativel y smal l  nxombe r  o f  unit s use d i n th e networ k model s compare d wit h th e 

presumabl y hug e numbe r  o f  neuron s i n th e huma n visua l  syste m sensitiv e t o 

sjrmmetr y i s likel y t o b e a n importan t  factor .  Finally ,  not e tha t  i t  i s 

extraordinaril y  difficul t  t o kno w ho w t o scal e th e performanc e o f  th e networ k 

model s vis-a-vi s huma n performanc e i n th e absenc e o f  specifi c  claim s abou t  th e 

psychologica l  relevanc e o f  "trials "  o r  "machin e operations "  fo r  thes e models . 

Unti l  suc h claim s ar e made ,  conclusion s base d o n quantitativ e comparison s ca n 

be offere d onl y tentatively . 

I n term s o f  qualitativ e comparison s o f  th e experimenta l  dat a an d 

simulatio n data ,  i t  i s  noteworth y tha t  human s showe d a  stron g superiorit y fo r 

detectin g vertica l  symmetries .  Th e superiorit y o f  performanc e i n bot h 

experiment s fo r  horizontal-vertica l  axe s ove r  diagona l  axe s wa s du e 

overwhelmingl y t o superio r  performanc e fo r  th e vertica l  axis .  Acros s th e 5 

block s o f  Exp .  1 ,  performanc e fo r  th e vertica l  axi s (84 % correct )  showe d 

nearl y a s muc h advantag e ove r  performanc e fo r  th e horizonta l  axi s (77 % 

correct )  a s fo r  th e diagona l  axe s (74 % correct) .  Thi s wa s a s tru e i n th e 

initia l  bloc k ( % correct :  v  =  75 ,  h  =  66 ,  d  =  63 )  a s i n th e fina l  bloc k ( % 

correct :  v  -  91 ,  h  =  84 .  d  =  81) .  Thi s resul t  i s  consisten t  wit h previou s 

psychophysica l  wor k (Barlo w &  Reeves ,  1979) ,  bu t  a t  odd s wit h th e performanc e 

of  th e networks .  Th e superiorit y fo r  vertica l  symmetrie s i s though t  t o b e du e 

at  leas t  i n par t  t o th e sensitivit y o f  cell s nea r  th e vertica l  midlin e t o 
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loca l  feature s aroun d th e midline .  Othe r  feature s relevan t  t o processin g 

mirro r  symmetrie s mus t  b e processe d mor e globally .  Ou r  modelin g attempt s 

include d bot h a  local-uni t  an d global-uni t  network ,  a  differenc e i n 

connectivit y o f  th e hidde n unit s tha t  ha d importan t  implication s fo r  th e wa y 

i n whic h th e mode l  wa s abl e t o internall y represen t  mirro r  symmetries .  Th e 

global-uni t  network ,  wit h les s pre-wire d structur e tha n th e local-uni t 

network ,  wa s mor e influence d b y th e structur e impose d b y th e stimulu s array : 

I t  remaine d responsiv e t o prime s ove r  lon g lag s an d wa s mor e sensitiv e t o th e 

chang e fro m 2  t o 4  axes .  Th e limite d receptiv e field s o f  processin g element s 

i n th e local-uni t  networ k woul d see m t o provid e a  close r  mode l  o f  th e typ e o f 

processin g use d b y biologica l  visua l  systems ,  althoug h th e connectivit y amon g 

th e loca l  processin g unit s actuall y establishe d b y learnin g i n ou r  network s 

may b e quit e differen t  fro m tha t  attaine d b y biologica l  systems .  Evaluatio n 

of  whic h o f  thes e network s provide s a  close r  matc h t o huma n performanc e await s 

furthe r  testing . 

The mos t  importan t  findin g o f  th e presen t  studie s i s th e emergenc e o f 

primin g fro m th e networ k mode l  withou t  an y additiona l  mechanisms ,  suc h a s 

short-ter m change s t o th e weights .  Thes e network s wer e designe d t o handl e 

generalization ,  whic h i s th e essenc e o f  skil l  learning ;  th e fac t  tha t  the y 

prov e t o b e sensitiv e t o individua l  item s eve n ove r  enormou s lag s i s a 

strikin g finding ,  on e tha t  furthe r  link s skil l  learnin g an d repetitio n 

priming .  Thi s i s th e basi c qualitativ e similarit y betwee n th e simulatio n an d 

human performanc e data . 

Two conclusion s ca n b e draw n fro m th e stud y o f  symmetr y detectio n i n 

humans an d massively-paralle l  networ k models .  First ,  primin g fo r  human s i n 

thi s tas k canno t  depen d upo n th e activatio n o f  som e pre-existin g 

representatio n o f  th e prime d materials ,  sinc e th e stimul i  use d i n thes e 

studie s wer e novel .  Second ,  primin g i s a  laten t  propert y o f  incrementa l 

learnin g i n th e paralle l  networ k mode l  an d occur s fro m th e star t  o f  d e nov o 

learning .  Thus ,  bot h th e behaviora l  dat a fro m htiman s an d simulatio n dat a fro m 

th e mode l  sugges t  tha t  repetitio n primin g i s no t  a  sepaiat e mechanis m an d doe s 

no t  depen d o n a n alread y structure d system .  Primin g ma y instea d b e a n 

integra l  featur e o f  th e basi c learnin g proces s tha t  configure s an d reorganize s 

processin g modules .  Paralle l  wor k wit h human s an d networ k models ,  suc h a s 

tha t  reporte d i n th e presen t  paper ,  ca n provid e importan t  insight s abou t 
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possible mechanisms of learning and memory. 
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