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Contex t -dependen t  Recognit io n i n a  Self-organizin g Recur ren t  N e t w o r k 

I n J .  M y u n g an d Cheongta g K i m 
Departmen t  o f  Psycholog y 
Ohi o Stat e Universit y 
Columbus ,  O H 43210-122 2 
{myung.1 ,  kirn.315}®osu.ed u 

Willia m B .  Lev y 
Departmen t  o f  Neurologica l  Surger y 
Universit y o f  Virgini a Healt h Science s Cente r 
Charlottesville ,  V A 22908-042 0 
w b l O v i r g i n i a . e d u 

Abstrac t 

Cognition of an object depends not only upon the sensory 
informatio n o f  th e objec t  bu t  als o upo n th e contex t  i n whic h 
i t  occurs ,  a s demonstrate d i n man y psycholog y experiments . 
Althoug h ther e ha s bee n considerabl e amoun t  o f  researc h i n 
cognitiv e scienc e tha t  demonstrate s th e importanc e o f 
context ,  seldo m ha s thi s researc h concerne d specifi c 
computationa l  mechanism s fo r  learnin g an d encodin g o f 
context .  A s contex t  i s largel y a n integratio n o f  th e pas t  u p t o 
th e present ,  som e for m o f  informatio n abou t  th e pas t  stimul i 
must  b e abstracte d an d store d fo r  a  certai n perio d o f  tim e s o 
as t o b e use d i n th e interpretatio n o f  th e presen t  stimulus .  I n 
thi s modellin g approac h w e explor e suc h mechanisms .  I n 
particular ,  w e describ e a n unsupervised ,  sparsel y connected , 
recurren t  networ k tha t  create s it s ow n coding s o f  inpu t 
stimul i  o n ensemble s o f  networ k units .  Moreover ,  i t  als o self -
organize s itsel f  int o a  short-ter m memor y syste m tha t  store s 
suc h codings .  Simulation s demonstrat e th e context -
dependen t  recognitio n performanc e o f  th e network . 

Introduction 

Th e stud y o f  context-dependen t  recognitio n ha s lon g bee n a 
focu s o f  cognitiv e psychology ,  fo r  example ,  i n visua l  an d 
auditor y perceptio n (e.g. ,  Labov ,  1973) ,  speec h perceptio n 
(Maslen-Wilson ,  1975) ,  wor d recognitio n an d recal l 
(Sweeney ,  1979) ,  an d sentenc e processin g (Tyle r  & 
Maslen-Wilson ,  1977) .  Th e to p pane l  o f  Figur e 1  show s 
example s o f  context-dependen t  recognition .  Her e th e 
surroundin g letter s (numbers )  determin e th e interpretatio n 
of  th e middl e lette r  (number )  (Hun t  &  Ellis ,  1974) .  Th e 
botto m pane l  illustrate s ye t  anothe r  contex t  effect ,  whic h w e 
migh t  cal l  a  "menta l  hysterisis "  effect .  I n thi s figur e 
ambiguou s picture s i n th e middl e o f  th e serie s ar e perceive d 
differently ,  a s a  man' s fac e o r  a s a  w o m a n ,  dependin g upo n 
whethe r  th e serie s i s viewe d fro m lef t  t o right ,  o r  i n th e 
opposit e order ,  respectivel y (Fisher ,  1967) .  Thes e example s 
demonstrat e tha t  th e sam e sensor y stimulu s give s ris e t o 
multiple ,  internall y evoke d interpretation s o f  tha t  stimulus , 
dependin g upo n th e contex t  i n whic h i t  occurs .  I n contras t 
t o suc h numerou s demonstration s o f  th e importanc e o f 
context ,  specifi c  computationa l  mechanism s fo r  learnin g 
an d encodin g o f  contex t  ha s ye t  t o b e wel l  understood .  A s 
contex t  i s largel y a n integratio n o f  th e pas t  u p t o th e present , 
a minima l  conditio n fo r  a  syste m t o exhibi t  context -
dependen t  recognitio n i s  tha t  som e for m o f  informatio n 
abou t  th e pas t  stimul i  b e abstracte d an d preserve d fo r  a 

perio d o f  tim e s o a s t o b e use d i n th e interpretatio n o f  th e 
presen t  stimulus .  I n thi s modellin g approac h w e explor e 
suc h mechanisms . 

Hebbian Learning and Assembly Coding 

Accordin g t o th e Heb b rul e (Hebb ,  1949) ,  tw o neuron s tha t 
ten d t o fire  repeatedl y i n clos e tempora l  proximit y ar e likel y 
t o develo p a n excitator y synapti c connectio n betwee n the m 
so tha t  whe n on e o f  th e pai r  get s excite d late r  b y a n input , 
th e othe r  wil l  als o ge t  excite d throug h th e connection .  A 
congregatio n o f  suc h interconnected ,  mutuall y excitator y 
neurons ,  al l  induce d b y th e sam e input ,  i s  calle d a  cel l 
assembl y whic h itsel f  i s a  distribute d interna l  representatio n 
of  th e input .  W e migh t  the n vie w th e activatio n patter n o f 
th e cel l  assembl y a s th e neura l  cod e fo r  th e inpu t  stimulus . 
On th e othe r  hand ,  i n psycholog y o f  perception ,  wha t  a n 
observe r  perceive s internall y fo r  a n externall y presente d 
inpu t  i s calle d a  percept .  T o th e observe r  th e percep t  i s 
his/he r  menta l  interpretatio n o r  meanin g o f  th e input .  H o w 

w 

1 4 

Figur e 1 .  Example s o f  context-dependen t  recognitio n 
(Afte r  Hun t  &  Ellis ,  1975 ;  Fisher ,  1967) . 
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migh t  percept s the n b e represente d i n th e cognitiv e system ? 
We mak e th e standar d an d relevan t  assumption ,  a s othe r 
researcher s (Anderso n &  Murphy ,  1986 ;  Elman ,  1990) ,  tha t 
fo r  a  give n sensor y input ,  th e percep t  i s a n activatio n patter n 
tha t  ha s arise n i n th e cognitiv e syste m a s a  resul t  o f  th e 
input ,  tha t  is ,  th e neura l  cod e o f  tha t  input . 

I n thi s pape r  w e describ e a  neura l  networ k tha t  finds  it s 
o wn neura l  code s fo r  inpu t  stimul i  withou t  externa l  teachin g 
signal s o r  interna l  error-correctin g signal s bu t  rather ,  self -
organize s itsel f  int o a  short-ter m m e m o r y syste m tha t 
maintain s interna l  representation s o f  input s i n th e networ k 
fo r  a  short-perio d o f  time .  I n othe r  words ,  ou r  networ k 
seems t o mee t  th e forementione d conditio n necessar y fo r 
context-dependen t  recognitio n performance. '  Th e 
followin g simulation s bea r  ou t  thi s hypothesis ,  showin g tha t 
th e networ k indee d exhibit s suc h performance ,  i n particular , 
context-dependen t  recognitio n o f  ambiguou s object s an d a 
menta l  hysterisi s effect . 

S i m u l a t i o n s 

T h e N e t w o r k 

The network ,  simila r  t o th e on e i n Levy ,  W u an d Baxte r 
(1995) ,  i s  a  McCulloch-Pitt s base d recurren t  networ k wit h 
asymmetric ,  spars e rando m connections .  Networ k 
connectivity ,  whic h i s define d a s th e probabilit y  o f  an y tw o 
neuron s bein g connected ,  i s 0.05 .  A  portio n o f  th e networ k 
unit s calle d "external "  unit s i s use d t o encod e inpu t  stimuli . 
The res t  calle d "internal "  unit s receiv e n o input s directl y bu t 
instead ,  the y ar e activate d throug h thei r  connection s t o th e 
externa l  unit s a s wel l  a s recurren t  connection s a m o n g 
themselves .  Th e activatio n patter n ove r  th e interna l  unit s 
tha t  ha s arise n a s a  respons e t o a n inpu t  i s interprete d a s th e 
interna l  representatio n o r  percep t  o f  th e inpu t  stimulus .  Th e 
externa l  unit s ar e als o recurrentl y activated ,  bu t  the y ar e no t 
counte d durin g decoding .  Th e firin g (Z j  =  0  o r  1 )  o f  an y 
give n uni t  a t  tim e t  i s  determine d b y 

^wjt-l)z,(t-l ) 
z/t) = 1  i f  eithe r 

or 

lL^vJt-l)z,(t-l)+K,lLz,(t-l)+K,Y,x,(t ) 

x/t)= l 

>9 

and Zj(t )  =  0  otherwise .  I n th e equatio n Wy ( 0 <  w, j  <  1 )  i s 
th e connectio n weigh t  betwee n unit s i  an d j ,  6  ( 0 <  G  <  1 )  i s 
a threshold ,  K ,  (=0.007 )  an d K r  (=0.0032 )  ar e delayed -  an d 
feedforward-inhibitio n constants ,  respectively ,  an d x ,  ( = 0 

'  Her e w e distinguis h betwee n tempora l  contex t  an d spatia l 

context .  Th e presen t  stud y primaril y concern s modelin g o f 
tempora l  context .  A n exampl e o f  modelin g o f  spatia l  contex t 
i s  Anderso n an d Murphy' s (1986 )  brain-state-in-a-bo x mode l 
of  context-dependen t  classification . 

or  1 )  i s  th e activatio n o f  inpu t  uni t  i .  Th e connectio n 
weigh t  i s modifie d accordin g t o a  Hebbian-type ,  associativ e 
rul e (Levy ,  1982 ) 

wjt + 1) = (l-e)wjt) + e z,{t) (z,(t - \)-wJt)) 

where e (=0.02) is a learning rate. 

Context-dependent Recognition of Ambiguous 

Object s 

Methods. The network consisted of 90 external units and 
71 0 interna l  units ,  an d tw o categorie s o f  artificia l  stimul i 
wer e use d a s trainin g inputs .  A  tota l  o f  nin e inpu t  vector s 
of  siz e 9 0 wer e generate d a s follows .  Eac h inpu t  vecto r  wa s 
made u p wit h 1 0 O N unit s (Xi=l )  an d 8 0 O F F unit s (Xi=0) . 
N o overla p wa s allowe d betwee n an y tw o o f  th e nin e 
"orthogonal "  vectors .  Fou r  o f  thes e input s wer e designate d 
as categor y A  stimul i  indicatin g A I ,  ... ,  A 4 ,  an d anothe r 
fou r  a s categor y B  stimul i  indicatin g B l ,  ... ,  B 4 .  Th e 
remainin g inpu t  denote d a s W wa s th e ambiguou s stimulu s 
tha t  wa s include d i n bot h categories .  I n othe r  words , 
categor y A  consist s o f  five  stimuli ,  {Al,... ,  A 4 ,  W { = A5) } 
and categor y B  consist s o f  five  stimuli ,  {Bl,... ,  B 4 ,  W { = 
B5)} .  Not e tha t  becaus e o f  th e non-overlappin g codin g 
scheme ,  al l  nin e stimul i  wer e equall y dissimila r  o r  simila r  t o 
on e anothe r  an d consequently ,  th e presen t  distinctio n 
betwee n th e tw o categorie s wa s completel y arbitrary .  Th e 
networ k wa s traine d i n block s o f  5 0 stimul i  tha t  belonge d t o 
th e sam e category ,  eithe r  A  o r  B ,  an d tha t  wer e randoml y 
selecte d wit h equa l  probabilit y  (0.2 )  fro m th e five  categor y 
stimuli .  Th e networ k receive d 10 0 block s o f  training ,  o f 
whic h a  hal f  wa s categor y A  block s an d th e othe r  hal f  wa s 
categor y B  blocks .  Th e tw o type s o f  block s wer e randoml y 
mixed .  Th e ide a behin d thi s trainin g procedur e wa s tha t 
durin g training ,  stimul i  fro m th e sam e categor y woul d b e 
associate d wit h on e anothe r  s o "learned "  similaritie s 
betwee n the m woul d b e develope d an d represente d i n th e 
interna l  units .  Th e neura l  cod e fo r  a  give n inpu t  stimulu s 
was define d a s th e patter n o f  activation s ove r  th e 71 0 
interna l  unit s arisin g i n respons e t o th e inpu t  durin g 
training .  A s activatio n pattern s varie d acros s repeate d 
presentation s o f  th e sam e input ,  th e neura l  cod e wa s 
compute d a s a n averag e activatio n acros s th e las t  five 
presentation s o f  tha t  input .  A t  th e en d o f  th e 100t h block , 
th e connectio n weight s wer e fixed  an d networ k 
performanc e wa s evaluated . 

Results. To test network performance, a test stimulus in a 
give n contex t  wa s presente d a s a n inpu t  t o th e network ,  an d 
the n th e resultin g activatio n patter n ove r  th e interna l  unit s 
was compare d t o th e forementione d neura l  codes .  T o obtai n 
recognitio n probability ,  a n ensembl e o f  10 0 independentl y 
traine d network s wa s created ,  an d eac h networ k receive d 
10 0 trainin g block s wit h differen t  initia l  weight s an d 
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randomizatio n o f  inpu t  stimuli .  Performanc e o f  eac h 
networ k wa s teste d separatel y a s follows .  A  tes t  inpu t  wa s 
deemed t o b e recognize d a s on e o f  th e nin e stimulu s 

members whos e neura l  cod e ha d th e greates t  patter n 
similarity -  t o th e activatio n patter n ove r  th e interna l  unit s 
respondin g t o th e tes t  input .  Usin g thi s definition , 
recognitio n probabilit y  wa s estimate d a s a  proportio n o f  th e 
100 network s i n whic h th e tes t  inpu t  wa s recognize d a s a 
particula r  stimulu s member . 

Context-dependen t  recognitio n performanc e o f  th e 
networ k i s show n i n Figur e 2 .  Th e lightnes s o f  eac h 
rectangl e represent s recognitio n probabilit y  o f  a  tes t  inpu t 
(ordinate )  a s a  stimulu s m e m b er  (abscissa) .  Th e simulatio n 
include d thre e conditions :  without-context ,  with-context , 
and mixed-context .  Th e lef t  pane l  show s th e resul t  from  th e 
without-contex t  conditio n i n whic h th e ambiguou s stimulu s 
( W)  wa s presente d t o th e networ k fo r  recognitio n i n th e 
absenc e o f  an y context .  Tha t  i s t o say ,  becaus e stimulu s W 
was th e first  ite m o f  th e inpu t  sequence ,  i t  coul d b e a 
m e m b er  o f  categor y A  (A5 )  o r  categor y B  (B5) .  A s 
expected ,  th e networ k wa s undecide d betwee n th e tw o 
stimulu s members ,  specifically ,  recognitio n probabilitie s 
bein g estimate d a s 0.5 2 an d 0.4 8 fo r  A 5 an d 8 5 , 
respectively .  Th e pane l  als o show s tha t  fo r  th e 
unambiguou s stimul i  i n th e inpu t  sequenc e suc h a s A 4 an d 
A 3 ,  th e networ k ha d n o difficult y recognizin g the m 
correctly .  A  ke y demonstratio n o f  context-dependen t 
recognitio n i s show n i n th e middl e pane l  fo r  th e with -
contex t  condition .  Here ,  th e ambiguou s stimulu s W wa s 
presente d followin g fou r  categor y A  stimuli ,  A l  throug h 
A 4 .  I n thi s case ,  abou t  tw o third s o f  th e tim e (i.e. , 
probabilit y  o f  0.67) ,  th e networ k recognize d W a s a  m e m b er 
of  th e categor y o f  th e precedin g stimuli ,  tha t  is ,  A 5 .  Th e 
righ t  pane l  show s th e resul t  from  th e mixed-contex t 
condition .  Here ,  a  rando m mixtur e o f  categor y A  an d B 
stimul i  wa s presente d followe d b y stimulu s W (s o contex t 
informatio n wa s inconclusive) .  A s expected ,  recognitio n o f 
th e ambiguou s stimulu s wa s blurred ,  wit h recognitio n 
probabilitie s o f  0.5 4 an d 0.4 6 fo r  A 5 an d B5 ,  respectively . 
To summarize ,  thes e result s togethe r  confir m tha t  th e 
networ k ca n lear n an d us e contex t  t o interpre t  ambiguou s 
stimuli . 

Analysis of Firing Patterns. To gain further insight into 
th e underlyin g mechanism s o f  contex t  learnin g i n th e 
network ,  w e performe d a  detaile d analysi s o f  firing  patterns . 
Recal l  tha t  unde r  Hebbia n associativ e learning ,  "cell " 
assemblie s ar e t o b e forme d durin g trainin g i n th e network . 
Indee d thi s predictio n wa s confirmed .  A n analysi s o f 
between-uni t  correlation s o f  firing  activitie s o f  th e 71 0 
interna l  unit s ca n b e summarize d int o th e followin g thre e 

Withou t  Contex t Wit h Contex t Mixe d Contex t 

^  Patter n similarit y betwee n tw o vectors ,  a  an d b ,  i s  define d 

A4 A3 A? A A? A3 A4 W A2 B2 b 4 Al 
Inpu t  Sequenc e Inpu t  Sequenc e 

Recogni t io n Probabilit y 

Inpu t  Sequenc e 

1.0 

as s,m(a,b) = I.a^b ,  / . I . a f L b ^  ,  ( 0 < a „ 6 , < l ) . 
1=1 V/= i  (= 1 

Figur e 2 .  Simulatio n o f  context-dependen t  recognitio n o f 
ambiguou s objects .  Recognitio n probabilitie s fo r  th e tw o 
critica l  cell s i n eac h conditio n ar e a s follows : 
P(A5|W)=0.5 2 an d P(B5|W)=0.4 8 fo r  Without-context ; 
P(A5|W)=0.6 7 an d P(B5|W)=0.3 3 fo r  With-context ; 
P(A5|W)=0.5 4 an d P(B5|W)=0.4 6 fo r  Mixed-context . 

observations. 
First ,  w e identifie d twenty-nin e suc h assemblies .  Thes e 

mutuall y exclusiv e assemblies ,  whos e size s varie d from a 
m a x i m u m 4 9 t o a  m i n i m u m 7 ,  accoun t  fo r  abou t  9 1 % o f  al l 
interna l  units .  Cel l  firing  o f  th e unit s belongin g t o th e sam e 
assembl y i s highl y correlate d wit h mea n correlation s 
rangin g from  0.7 4 t o 0.93 .  I n othe r  words ,  networ k unit s 
withi n a n assembl y ten d t o fire  i n unison . 

Second ,  th e analysi s show s tha t  eac h o f  th e twent y nin e 
assemble s ha s it s o w n firing  selectivity ,  respondin g 
exclusivel y t o a  particula r  inpu t  stimulus ,  bu t  neve r  t o othe r 
stimuli .  I n thi s sens e then ,  w e migh t  vie w thes e assemblie s 
as interna l  representation s o f  th e inpu t  stimuli .  Wheneve r  a 
particula r  stimulu s i s presente d a s a n inpu t  t o th e network , 
th e correspondin g assembl y o f  interna l  unit s woul d respon d 
by turnin g themselve s o n — i n uniso n — thu s recognizin g 
th e stimulus . 

Third ,  th e analysi s als o reveal s tha t  ther e ar e thre e t o fou r 
assemblie s respondin g t o a  give n inpu t  stimulu s and ,  mos t 
interestingly ,  tha t  eac h o f  th e assemblie s wa s bestowe d wit h 
it s o w n tempora l  selectivity .  I n othe r  words ,  thes e 
assemblie s fire  a t  differen t  tim e lags ,  on e followin g another , 
afte r  th e inpu t  i s presente d t o th e network .  T o illustrate , 
suppos e tha t  stimulu s A l  i s presente d t o th e networ k  a t  tim e 
t .  Then ,  assembl y A S l  woul d fire  a t  tim e (t+1) ,  assembl y 
A S2 a t  tim e (t+2) ,  an d assembl y A S 3 a t  tim e (t+3) .  Thi s 
allow s th e networ k t o maintai n a n interna l  representatio n o f 
tha t  stimulu s fo r  a  fe w tim e step s b y keepin g i t  circulatin g 
a m o ng th e assemblies .  A n importan t  implicatio n o f  thi s 
observatio n i s tha t  th e self-organizin g dynamic s o f  th e 
networ k someho w rendere d itsel f  int o th e creatio n o f  a 
time-delaye d circui t  tha t  mimic s short-ter m memory ! 

Figur e 3  show s networ k firing  durin g testing ,  tha t 
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Externa l 
Unit s 

Interna l  Unit s 

A3 A4 U* W B4 B 3 B 2 8 1 U* 

Networ k Uni t  (Sorted ) 

Figur e 3 .  A n exampl e o f  networ k firing.  Networ k unit s ar e sorte d accordin g t o thei r  assembl y membership . 

illustrate s th e abov e observations .  I n th e figure  eac h do t 
denote s firing  o f  a  particula r  networ k uni t  a t  a  give n time . 
Shown i n th e left-mos t  bloc k i s firin g o f  th e 9 0 externa l 
unit s encodin g th e nin e inpu t  stimuli .  Fo r  example ,  th e 
figur e indicate s th e fu-s t  seve n input s bein g A 1 - > A 3 - > A 2 
^  A l  ^  A 2 ̂  W - ) •  A 4 .  Firin g o f  th e 71 0 interna l  units , 
groupe d accordin g t o thei r  assembl y membership ,  i s  show n 
i n th e righ t  block s o f  th e figure.  Th e dar k horizonta l  line s 
indicat e fû in g o f  assemblie s o f  differen t  sizes .  Als o not e th e 
stimulus-specifi c  selectivit y o f  thes e assemblies .  Fo r 
example ,  th e thre e assemblie s i n th e bloc k denote d b y A l 
respon d exclusivel y t o stimulu s A l ,  th e nex t  fou r  t o A 2 ,  th e 
nex t  thre e t o A 3 ,  etc .  Th e bloc k U '  include s th e unit s tha t 
apparentl y belon g t o non e o f  th e assemblies . 

Figur e 3  als o illustrate s th e short-ter m m e m o r y 
characteristi c o f  th e network ,  fo r  example ,  b y th e successiv e 
firin g patter n o f  th e thre e assemblie s associate d wit h 
stimulu s A l .  Not e tha t  ever y tim e thi s stimulu s i s presente d 
as a n inpu t  t o th e networ k an d the n removed ,  thes e 
assemblie s continu e t o fire  fo r  a  fe w mor e tim e steps , 
meanin g tha t  informatio n abou t  tha t  stimulu s remain s i n th e 
networ k fo r  a  while .  Th e significanc e o f  thi s mechanis m fo r 
contex t  learnin g i s obvious .  Tha t  is ,  a t  an y give n time ,  firing 
activitie s o f  th e networ k includ e no t  onl y th e activit y tha t 
has arise n a s a  respons e t o th e presen t  stimulu s bu t  als o 

activitie s pertainin g t o th e pas t  fe w stimuli .  I t  i s  thi s 
mechanis m tha t  enable s th e networ k t o interpre t  th e presen t 
stimulu s i n th e contex t  o/th e pas t  stimuli ,  thu s exhibitin g 
context-dependen t  recognition . 

Mental Hysterisis Effect 

In this section we describe results ft'om another simulation 
of  th e menta l  hysterisi s effec t  usin g a  networ k simila r  t o th e 
on e use d above . 

Methods. The network consisted of 84 external units and 
61 6 interna l  units .  A  tota l  o f  twent y inpu t  vector s tha t 
mimi c th e kin d o f  stimul i  use d i n studie s o f  th e menta l 
hysterisi s effec t  wer e generate d a s follows .  Th e firs t  inpu t 
vecto r  o f  siz e 8 4 wa s m a d e u p wit h eigh t  O N unit s (X|=l , 
i=l,...,8 )  an d 7 6 O F F unit s (Xi= 0 ,  i=9,...,84) .  Th e secon d 
inpu t  vecto r  o f  th e sam e siz e wa s create d fro m th e first 
vecto r  b y shiftin g it s eigh t  O N unit s t o th e righ t  b y fou r 
unit s (i.e. ,  Xi=l ,  i=5,...,12 ;  x ,  =  0 ,  i  =  1,...,4 ,  13,...,84) . 
Similarly ,  th e remainin g eightee n vector s wer e create d b y 
successivel y shiftin g th e eigh t  O N unit s t o th e righ t  b y fou r 
units .  Thi s overlapping-codin g schem e mean s tha t  a  pai r  o f 
successiv e inpu t  stimul i  woul d b e mor e simila r  t o eac h othe r 
tha n t o othe r  stimuli ,  thu s mimickin g th e face-wome n 
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Figure 4. Simulation of the mental h\sterisis effect. The 
erro r  bar s represen t  95° o confidenc e intervals . 

pictures in Figure 1. The first seven inputs indicating CI, 
... ,  C 7 wer e designate d a s categor y C  stimuli ;  th e nex t  si x 
input s indicatin g CDl,... ,  C D 6 a s bot h categorie s C  an d D ; 
and finally ,  th e remainin g seve n input s indicatin g D 7 ,  ... , 
Dl  a s categor y D  stimuli .  I n othe r  words ,  categor y C 
containe d thirtee n stimuli ,  an d si x o f  the m wer e als o 
members o f  categor y D ,  an d vic e versa .  Th e networ k wa s 
traine d i n block s o f  6 5 stimul i  o f  eithe r  categor y C  o r  D . 
Eac h bloc k wa s mad e u p wit h five  repeate d presentation s o f 
th e sam e sequenc e o f  1 3 inputs ,  tha t  is ,  eithe r  {C1,...,C7 , 
CD1,..,CD6 }  fo r  categor y C  block s o r  {CD1,...,CD6 ,  D7,... , 
D l }  fo r  categor y D  blocks .  Th e networ k receive d 10 0 
trainin g blocks .  Th e neura l  cod e fo r  eac h inpu t  stimulu s wa s 
defme d usin g th e 61 6 interna l  unit s similarl y a s i n th e 
previou s simulation . 

Results. Network performance was evaluated by presenting 
t o th e networ k a  tes t  stimulu s embedde d i n on e o f  tw o 
sequence s an d the n comparin g th e resultin g activatio n 
patter n ove r  th e interna l  neuron s t o th e neura l  cod e o f  tha t 
stimulus .  Sequenc e 1  consiste d o f  2 0 stimul i  {C I  - > ...- ^ 
C7 - ^  C D l  - ^  ...- > C D 6 - > D 7 -̂ ... ^  D l } ,  an d sequenc e 2 
was th e revers e o f  sequenc e 1 .  Recognitio n probabilit y  wa s 
estimated ,  agai n a s i n th e previou s simulation ,  usin g a n 
ensembl e o f  10 0 independentl y traine d networks .  Fo r  eac h 
of  thes e networks ,  a n inpu t  stimulu s wa s assume d t o b e 
recognize d a s a  categor y C  m e m b er  i f  th e activatio n patter n 
ove r  th e interna l  unit s wa s mor e simila r  t o th e neura l  cod e 
of  th e prototypi c stimulu s o f  categor y C  (i.e. ,  C 4 )  tha n th e 
neura l  cod e o f  th e prototypi c stimulu s o f  categor y D  (i.e. , 
D 4 ) .  Figur e 4  show s recognitio n probabilit y  curve s 
obtaine d fo r  eac h sequence .  Th e non-overlappin g feamr e o f 
th e tw o curve s reveal s a  menta l  hysterisi s effect .  Tha t  is , 
not e tha t  stimulu s C D 4 wa s recognize d mor e ofte n a s a 
categor y C  m e m b er  ( 6 0 % time )  tha n a s a  categor y D 

member  whe n th e stimulu s wa s precede d b y categor y C 
members (sequenc e 1) .  I n contrast ,  whe n th e sam e stimulu s 
was precede d b y categor y D  member s (sequenc e 2) ,  n o w i t 

was recognize d mor e ofte n a s a  categor y D  member  ( 6 0 % 
time )  tha n a s a  categor y C  member . 

Discussion and Conclusion 

Perhap s th e mos t  importan t  aspec t  o f  ou r  networ k tha t 
deserve s commen t  an d distinguishe s our s fro m previou s 
networ k model s o f  contex t  learnin g i s th e self-organizin g 
creatio n o f  a  short-ter m memor y system .  A s discusse d 
earlier ,  short-ter m memor y i s centra l  t o modelin g o f 
tempora l  contexts .  A n y recurren t  networ k wit h asymmetri c 
connection s woul d exhibi t  short-ter m memor y a s th e 
recurrenc y let s th e networ k retai n informatio n abou t  a  fe w 
pas t  stimul i  (se e Hertz ,  Krogh ,  &  Palmer ,  1991 ,  fo r  a  revie w 
of  recurren t  networks) .  A  popula r  wa y t o mode l  tempora l 
context s ha s bee n t o se t  u p wha t  ar e calle d contex t  unit s i n a 
recurren t  network .  Suc h unit s receiv e time-delaye d 
feedbac k signal s fro m othe r  par t  o f  th e networ k o r  fro m a n 
externa l  sourc e suc h a s th e experimenter .  Therefore ,  th e 
functio n o f  thes e contex t  units ,  an d eve n thei r  connectivit y 
t o othe r  unit s o f  th e network ,  ar e explicitl y  define d o r 
manuall y impose d b y th e experimenter .  Example s o f 
networ k model s base d o n thi s approac h ar e Jordan' s 
networ k (1989) ,  Elman' s recurren t  networ k o f  speec h 
perceptio n (1990) ,  McClellan d an d Rumelhart' s  (1981 ) 
interactiv e activatio n model s o f  lette r  perceptio n (Rumelhar t 
& McClelland ,  1982 ;  McClelland ,  1991) ,  an d W a n g an d 
Arbib' s (1990 )  sequenc e learnin g network ,  tha t  use s a  dual -
neuro n oscillato r  desig n fo r  short-ter m memory ,  rathe r  tha n 
a delaye d feedbac k circuit .  I n contrast ,  ou r  networ k create s 
it s o w n contex t  units ,  whic h preserv e informatio n abou t  th e 
recen t  pas t  stimuli ,  throug h th e locall y adaptiv e proces s 
withou t  an y externa l  mediation .  Not e th e self-organizin g 
natur e o f  th e network :  th e specifi c  functio n an d role s o f  th e 
contex t  unit s ar e no t  give n a  priori ,  bu t  instead ,  w e le t  th e 
networ k develo p it s o w n representatio n o f  context . 

Anothe r  aspec t  o f  ou r  networ k tha t  deserve s commen t  i s 
spars e connectivity .  Becaus e eac h uni t  i s  connecte d t o a 
ver y smal l  portio n (5% )  o f  th e network ,  th e uni t  woul d 
develo p a  representatio n o f  loca l  events ,  reflectin g onl y th e 
activitie s o f  th e unit s whic h i t  i s  connecte d to .  Furthermore , 
i f  a  subgrou p o f  thes e interconnecte d unit s happen s t o fire  i n 
clos e tempora l  proximity ,  the n Hebbia n associativ e learnin g 
assure s tha t  thi s grou p o f  unit s wil l  for m a n ensemble , 
throug h th e reinforced ,  mutuall y excitator y connections . 
Thi s way ,  th e networ k produce s ensemble s tha t  ar e locall y 
sensitiv e bu t  largel y independen t  o f  on e another .  A s 
discusse d earlier ,  suc h ensemble s wer e crucia l  t o context -
dependen t  recognitio n i n ou r  network .  Recently ,  simila r 
network s t o thi s on e hav e bee n successfull y applie d t o 
simulation s o f  othe r  context-dependen t  phenomena , 
includin g sequenc e disambiguatio n (Minai ,  Barrow s & 
Levy ,  1994) ,  sequenc e predictio n (Lev y &  W u ,  1996) ,  an d 
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shor t  cu t  findin g (Levy ,  W u &  Baxter ,  1995) . 
I n conclusion ,  th e mai n contributio n o f  th e presen t  stud y 

i s it s demonstratio n tha t  a  self-organizin g recurren t  networ k 
base d o n Hebbia n associativ e learnin g ca n creat e it s ow n 
contex t  unit s bestowe d wit h short-ter m memory ,  tha t  i s 
centra l  t o modelin g o f  context-dependen t  recognition . 
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