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Abstrac t 
Based o n a n interferenc e theor y o f  forgettin g i n short-ter m 
memory (STM) ,  w e mode l  S T M b y a  networ k o f  neura l  imit s 
wit h mutua l  inhibition .  Sequence s ar e acquire d b y 
combinin g a  Hebbia n learnin g rul e an d a  normalizatio n rul e 
wit h sequentia l  syste m activation .  A s lon g a s sequence s ar e 
acquired ,  the y ca n b e recognize d withou t  bein g affecte d b y 
speed s i n presentation .  Th e mode l  o f  sequenc e reproductio n 
consist s o f  tw o reciprocall y connecte d networks ,  on e o f 
whic h behave s a s sequenc e recognizers .  Reproductio n o f 
comple x sequence s i s show n t o b e abl e t o maintai n interva l 
length s o f  sequenc e components .  A  mechanis m o f  degre e 
self-tunin g base d o n a  globa l  inhibito r  i s  propose d fo r  th e 
model  t o optimall y lear n require d contex t  length s i n orde r 
t o disambiguat e association s i n comple x sequenc e 
reproduction . 

Introduction 

A tempora l  sequenc e 5  i s denote d as :  Pi-P2---PN > ̂ " d th e 

lengt h o f  a  sequenc e i s th e numbe r  o f  component s i n th e 
sequence .  A n y Pi-Pi+]---Pj ,  wher e 1  <  i  < j  <N ,  i s calle d a 

subsequenc e o f  S .  I f  S  contain s repetition s o f  th e sam e 

subsequence ,  lik e A - B i n C-A-B-D-A-B-E ,  i t  i s  calle d a 

comple x sequence ,  otherwis e a  simpl e sequence .  I n comple x 

sequences ,  th e correc t  successo r  ca n b e determine d onl y b y 

knowin g a  subsequenc e prio r  t o it .  W e refe r  t o th e prio r 

subsequenc e require d t o cu e unambiguousel y th e curren t 
symbol  P i  i n S  a s th e contex t  o f  p/ ,  an d th e lengt h o f  th e 

contex t  a s th e degre e o f  p/ .  Th e degre e o f  a  sequenc e i s th e 

m a x i m u m degre e o f  it s components . 

Neura l  network s t o reproduc e a  tempora l  sequenc e o f 

inpu t  stimul i  hav e bee n previousl y studie d b y a  numbe r  o f 

investigator s (amon g other s se e Grossber g 1969 ;  Dehaene , 

Changeux ,  &  Nada l  1987 ;  Kuhn ,  va n H e m m e n,  &  Riede l 

1989) .  I n mos t  o f  thes e models ,  reproductio n o f  comple x 

sequence s pose s grea t  difficulty .  Recently ,  w e hav e propose d 

a ne w mechanis m fo r  learnin g tempora l  sequence s (Wan g & 

Arbi b 1990 )  i n whic h w e mode l  S T M b y unit s comprisin g 

recurren t  excitator y connection s betwee n tw o loca l  neuro n 

populations .  Eac h neuro n populatio n i s  represente d b y a 

singl e quantit y correspondin g t o loca l  field  potential .  Th e 

activit y induce d b y a n inpu t  signa l  t o a  uni t  oscillate s wit h 

damping .  B y applyin g a  Hebbia n learnin g rul e a t  eac h 

synaps e an d a  normalizatio n rul e amon g al l  synapse s t o a 

unit ,  w e hav e demonstrate d tha t  th e neura l  network s wit h 

^  Th e researc h describe d i n thi s pape r  wa s suporte d i n par t  b y 
gran t  no .  IRO l  N S 2492 6 from  th e NI H (M.A.A ,  PI) . 

thi s mode l  o f  S T M ar e abl e t o lear n an d reproduc e comple x 

tempora l  sequences .  Wha t  distinguishe s ou r  mode l  fro m 

other s ar e tw o basi c hypothese s embodie d i n th e model :  (1 ) 

We assum e tha t  ther e i s a  c o m m o n mechanis m t o proces s 

bot h comple x sequence s an d simpl e sequences ;  (2 ) 

Reproductio n o f  a  componen t  i n a  sequenc e i s  base d o n 

recognitio n o f  th e contex t  o f  th e component . 

Sinc e S T M i s modele d b y decay ,  i t  ha s a  fixed  tempora l 

course ,  whic h make s th e previou s mode l  unabl e t o handl e 

th e time-war p problem .  Fo r  a  solutio n t o th e time-war p 

problem ,  w e wis h tha t  a  networ k ca n recogniz e a  time -

warpe d sequenc e fo r  sequenc e recognition ,  wherea s fo r 

reproductio n w e wis h tha t  a  networ k ca n reproduc e a 

sequenc e wit h th e sam e tempora l  cours e a s th e learne d 

sequence .  Thi s i s th e centra l  them e o f  th e presen t  paper . 

A Computational Model of STM 

A mode l  o f  ST M mus t  provid e th e followin g fou r  basi c 
functions : 

(1 )  Maintainin g a  symbo l  fo r  a  shor t  tim e period .  Wha t 

cause s forgetting ? A n interferenc e theor y propose s tha t  othe r 

material s o r  task s interfer e wit h memor y an d thu s caus e 

forgetting .  A  deca y theor y propose s tha t  forgettin g occur s 

eve n i f  th e subjec t  ha d t o d o nothin g ove r  th e retentio n 

interval ,  s o lon g a s th e subjec t  di d no t  rehears e th e material . 

(2 )  Maintainin g a  numbe r  o f  symbols .  Mille r  (1956 )  tell s 

us tha t  th e numbe r  i s abou t  seven .  (3 )  Codin g th e orde r  o f 

inpu t  symbols .  (4 )  Codin g th e lengt h o f  th e presentatio n o f 

eac h symbol .  Th e functio n o f  S T M provide s firs t  leve l 

informatio n fo r  solvin g th e time-war p problem .  W h e n 

learnin g a  sequence ,  on e ca n recogniz e i t  eve n thoug h eac h 

componen t  o f  th e sequenc e i s  presente d a t  considerabl y 

differen t  intervals .  Thi s functio n i s  calle d interva l 

invariance .  Yet ,  a  professiona l  musicia n ca n recal l  a 

multiple-pag e score ,  reproducin g almos t  exactl y th e 

memorize d lengt h o f  eac h note .  Thi s functio n i s  calle d 

interva l  maintenance . 

Our  previou s mode l  canno t  cod e th e lengt h o f  eac h 

symbol  presentation ,  an d therefor e canno t  solv e th e time -

war p problem .  Furthermore ,  th e mode l  conform s wit h th e 

deca y theor y o f  forgetting ,  wherea s th e curren t  majorit y 

vie w seem s t o b e that ,  althoug h som e deca y ma y occur ,  th e 

amount  o f  forgettin g cause d b y deca y i s substantiall y  les s 

tha n th e amoun t  cause d b y interferenc e (Murdoc k 1987) . 

Our  followin g mode l  i s base d o n th e interferenc e theory . 

Let  u s assum e tha t  ther e ar e n  memor y units ,  numbere d 

1,  2,... .  n ,  wit h eac h uni t  inhibite d b y al l  th e othe r  units . 
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as show n i n Fig.l .  Eac h uni t  receive s a n externa l  inpu t  £/ , 

whic h i s 1  s o lon g a s th e externa l  inpu t  i s o n an d 0 
otherwise .  Th e interna l  stat e o f  uni t  / ,  S( ,  i s  define d a s 

si( 0 =  { l 
i{Ei(t)=l,Ei(t-l)= 0 

otherwis e (1 ) 

I 

Figur e 1 .  Diagra m o f  th e S T M model .  Eac h uni t  project s 
and inhibit s al l  th e othe r  unit s i n th e model .  Show n i n th e 
figur e i s onl y outgoin g projection s fro m on e unit .  Minu s 
sig n indicate s inhibition . 

From the definition we can see that the internal state is 

activate d onl y b y th e beginnin g o f  a n externa l  input .  Th e 

excitatio n leve l  o f  eac h uni t  ha s valu e rang e {0 ,  1,... .  T ) , 

and i s define d a s 

Xi(t )  = 
( T 

Xi(t-l )  -  1 

[xi(t-l ) 

i{Si(t)= l 

i{xi(t-l)>0,yi(t)= l 

otherwis e 

(2 ) 

wher e >> /  represent s overal l  inhibitio n tha t  uni t  /  receive s 

fro m th e othe r  units ,  formulate d a s 

yi(t )  = / ( X 'iO-J )  -  1 ) OY 

wit h i f  ; c  >  0 
otherwis e (4 ) 

Fro m th e abov e definition s w e se e tha t  wheneve r  Si(t )  = 

1,  xi(t )  i s  brough t  t o it s highes t  valu e T  an d uni t  i  i s 

activated .  I f  an y o f  th e unit s i s activated ,  th e inhibitio n tha t 

i t  exert s o n th e res t  o f  th e networ k wil l  driv e al l  othe r  activ e 

units ,  i.e .  thos e whos e excitatio n level s ar e large r  tha n 0 , 

down t o th e nex t  lowe r  level . 

Thi s mode l  satisfie s th e abov e fou r  requirement s fo r  a n 

adequat e S T M model .  I t  preserve s a  symbo l  o n a  uni t  whos e 

excitatio n leve l  code s th e item .  Le t  u s assum e tha t  externa l 

input s arriv e a t  S T M seriall y  (i t  i s  eas y t o serializ e 

•̂  Sinc e th e weight s o f  inhibitor y connection s ar e th e same ,  th e 
mutua l  inhibitor y connection s ca n b e replace d b y a n globa l 
inhibitor .  A n globa l  inhibito r  ca n reduc e th e numbe r  o f 
connection s b y on e orde r  o f  magnitute ,  bu t  result s i n a  les s 
reliabl e syste m du e t o informatio n centralizatio n i n th e 
inhibitor . 

simultaneou s input s b y a  competitiv e network) .  A n y ne w 

ite m inpu t  t o S T M decrement s th e excitatio n level s o f  al l 

activ e unit s i n S T M .  Therefor e S T M ca n a t  mos t  cod e T 

item s s o tha t  T  i s th e capacit y o f  th e S T M model .  A 

symbo l  get s los t  fro m th e S T M mode l  becaus e ther e ar e 

othe r  mor e recen t  symbol s inpu t  int o th e model , 

conformin g wit h th e interferenc e theory .  Th e orde r  o f  inpu t 

symbol s i s code d sinc e th e large r  th e excitatio n leve l  o f  a 

unit ,  th e mor e recen t  i s th e symbo l  represente d b y th e unit . 

Finally ,  th e lengt h o f  a  symbol' s presentatio n i s reflecte d b y 

th e tim e perio d whil e th e correspondin g externa l  inpu t  i s 

on ,  an d it s codin g wil l  b e give n later . 

Layer ^ 
(detecto r  layer ) 

^ 

Layer ; 
(inpu t  layer ) 

Figur e 2 .  Architectur e fo r  comple x sequenc e 

reproduction .  Withi n laye r  f  (th e inpu t  layer) ,  ever y uni t 
inhibit s ever y othe r  on e t o for m th e S T M mode l  show n i n 

Fig.l .  Withi n laye r  |(th e detecto r  layer) ,  al l  unit s projec t 
t o a  globa l  inhibito r  whic h furthe r  project s bac k t o them . 
Plu s sig n indicate s excitation ,  an d minu s sig n indicate s 
inhibition . 

Network Architecture 

Th e structur e o f  th e mode l  fo r  sequenc e reproductio n ha s 

tw o layers ,  a s show n i n Figur e 2 .  Laye r  C^ s calle d th e inpu t 

layer ,  whic h basicall y serve s a s a  S T M mode l  show n i n 

Fig.l .  Multipl e occurence s o f  a  particula r  symbo l  i n a 

sequenc e i s represente d b y on e singl e uni t  i n thi s layer ,  s o 

differen t  unit s represen t  differen t  spatia l  pattern s i n laye r  ̂ . 

Unit s i n laye r  ̂  functio n a s sequenc e detectors ,  an d ther e i s a 

globa l  inhibito r  withi n thi s laye r  (se e footnot e 2) .  Thes e 

unit s recogniz e th e context s o f  individua l  component s i n a 

sequence ,  an d anticipat e th e occurenc e o f  thes e components . 

Laye r  ̂ connect s wit h laye r  ̂ ^bidirectionally ,  an d befor e 

trainin g connection s betwee n the m ar e complete .  Th e 

projection s show n i n Fig. 2 depic t  wha t  result s fro m 

training ,  suc h tha t  uni t  i  i n laye r  ̂  receive s projection s onl y 

fro m thos e unit s i n ̂ tha t  represent s symbol s i n th e contex t 

detecte d b y uni t  i ,  an d unit ;  i n laye r  ̂ onl y receive s unit s i n 

^  tha t  anticipat e th e occurenc e o f  th e symbo l  represente d b y 

unity .  Thi s resulte d connectio n patter n i s forme d throug h 

learning .  Durin g th e trainin g process ,  a  sequenc e wit h 
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variou s componen t  interval s i s presente d t o laye r  C-  A t  th e 

end o f  eac h componen t  presentation ,  a  uni t  i n laye r  ̂  i s 

randoml y selecte d (bu t  fixe d i n successiv e trainings )  t o fire . 

Th e recurren t  connection s fro m laye r  4  t o laye r  ̂ ar e forme d 

accordin g t o a  Hebbia n rul e a s following .  I f  uni t  i  i n laye r  ̂  

(recorde d a s </ ,  C> )  an d unit ;  i n laye r  ̂  (recorde d a s </ ,  ̂ > ) 

ar e firin g simultaneousl y the n a  connectio n lin k fro m <j , 

^ > t o </ ,  C > i s established ,  an d it s weigh t  wil l  b e define d 

later .  Al l  connectio n weight s fro m unit s i n ̂  t o one s i n ̂  

ar e initiall y  zero . 

We propose d i n th e previou s pape r  (Wan g &  Arbi b 1990 ) 

tha t  a  uni t  wa s represente d b y a n expande d network ,  suc h 

tha t  i t  ha s multipl e terminal s t o hol d differen t  occurence s o f 

a symbol .  Eac h termina l  directl y connect s t o othe r  units , 

and thu s a  uni t  ha s multipl e channel s t o connec t  t o anothe r 

unit .  T h e followin g descriptio n combine s thi s ide a fo r 

solvin g th e overwritin g proble m wit h th e ne w S T M model . 

Suppos e uni t  <j" ,  C > ha s m terminals ,  an d th e excitatio n 

leve l  o f  it s rt h termina l  i s  represente d b y Xjy .  T h e S T M 

model  (Eq. l  throug h Eq.4 )  an d th e definition s o f  £, ,  s,- ,  an d 

yi  remai n th e sam e excep t 

xir( 0 =  < 
Xir(t-l )  -  1 

\ i  Si(t)=\,r= \ 

iisi(t)=\,r>\^ir.i(t-l)> Q 

i{Si(t)=0 îr(t-l)>0,yi(t)= l  (5 ) 

otherwis e 

Th e globa l  inhibito r  i n laye r  ̂  receive s inpu t  fro m al l 

unit s i n th e laye r  an d project s bac k t o them .  A  degre e 

paramete r  d j  i s  introduce d fo r  </ ,  ̂ > ,  an d i t  affect s th e 

dynamic s o f  th e interna l  stat e o f  </ ,  <̂ > i n th e followin g 

way 

sf(t) =/(£ £ W'.j h(xj/t-l). di) + iJU-l) - T<) (6) 

j= l  r= l 

h(x . .y) = { 
i {  X  >  T  -  y 
otherwis e (7 ) 

wher e labe l  ̂  i n (6 )  indicate s laye r  ̂ ,  x. y i s th e excitatio n 

level of the rth terminal of unit <j, C>. and W^. represents 

the connection weight from the rth terminal of unit <y, (> 

t o <i ,  ̂ > .  Symbol s n  an d m stan d fo r  th e numbe r  o f  unit s 

an d th e numbe r  o f  terminal s fo r  eac h uni t  i n laye r  f 

respectively .  Th e domai n o f  rf/  i s  {1,2 ,  ... ,  T ] .  Throug h 

functio n h(x ,  y )  th e rol e o f  d /  i s  t o gat e i n certai n excitatio n 

level s o f  unit s i n laye r  ̂  Obviously ,  th e large r  i s  rfj,  th e 

mor e item s ca n </ ,  ̂ > sens e fro m laye r  C-  Learning ,  o r 

modificatio n o f  connectio n weight s W.. ,  follow s a  Hebbia n 

rule and a later normalization as follows 

Viy o =  wyt-l )  +  C i  s^M )  Mxjrit) ,  di ) 

' ^  ^  n  m ^  (8 ) 

M r=l 

wher e C, -  i s a  gai n facto r  o f  learning .  Th e effec t  o f  learnin g 

on th e detecto r  i s t o chang e th e distributio n o f  al l  weight s 

t o tha t  unit ,  s o i t  i s  reasonabl e t o assum e tha t  initiall y al l 

weight s ar c se t  equal . 

Sinc e withou t  a  furthe r  activatio n th e excitatio n leve l  o f 

a uni t  i n laye r  ̂  i s  monotonicall y decreasing ,  th e forma l 

analysi s i n ou r  previou s pape r  (Wan g &  Arbi b 1990 ) 

applies .  I n particular ,  i f  th e threshol d o f  uni t  </ ,  ̂ > i n (6 ) 

i s se t  a s 

(? ) 

the n th e resul t  o f  trainin g i s t o buil d u p activit y s o a s t o 

fir e th e detecto r  b y th e presentatio n o f  a  specifi c 

subsequence .  Furthermore ,  afte r  th e detecto r  ha s learne d th e 

sequenc e (simpl e o r  complex) ,  onl y presentatio n o f  tha t 

sequenc e induce s th e m a x i m u m activit y o n th e detecto r  unit , 

regardles s o f  presentatio n spee d o f  th e sequence .  Th e ide a 

behin d thi s interva l  invarianc e i s tha t  durin g presentatio n o f 

a sequenc e component ,  onl y th e beginnin g portio n o f 

presentatio n i s capture d b y th e recognitio n mode l  (cf .  Eq.l) , 

and therefor e i t  doe s no t  matte r  h o w lon g tha t  presentatio n 

lasts .  Separatio n o f  effectiv e inpu t  fro m externa l  inpu t  i s a n 

intrinsi c propert y o f  th e S T M model ,  whic h exhibit s 

difference s i n computationa l  powe r  resultin g fi-om  differen t 

model s o f  basi c brai n processe s lik e S T M . 

Degree Self-tuning 

Le t  th e activit y o f  th e globa l  inhibito r  o f  laye r  ^  b e 

represente d b y z ,  an d q  represen t  th e numbe r  o f  unit s i n 

laye r  ̂ .  Variabl e z  i s define d a s 

and therefore the inhibitor will be activated if there is more 

tha n on e uni t  firing  simultaneousl y i n laye r  ̂ .  Accordin g t o 

(6), the internal state s^(t) can be triggered either by system 
I 

inpu t  (calle d attention )  throug h Ir(t-l )  o r  b y inpu t  signal s 

from layer ^. The latter is called anticipation. What the 

inhibito r  actuall y doe s i s t o detec t  conflict s amon g thos e 

detector s i n laye r  £, .  Sinc e syste m attentio n i s  alway s 

sequential ,  th e inhibito r  ca n onl y b e activate d b y conflictin g 

attentio n an d anticipatio n o r  jus t  b y conflictin g anticipatio n 

of  th e detecto r  layer . 
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Degre e d /  0  =  1,... .  q )  i s  initiall y  se t  t o 1 .  Sel f  tunin g o f 

di  i s  don e accordin g t o 

diU) = di(t-l) + 1 i{s^(t-l)=\,z(t)=],di(i-l)<r (11) 

tha t  is ,  th e degre e o f  </ ,  <̂ > increment s i f  thi s uni t  togethe r 

wit h othe r  unit s cause s activatio n o f  th e globa l  inhibitor .  I f 

th e degre e o f  </ ,  ̂ > increments ,  ther e wil l  b e on e mor e 

ite m fro m th e inpu t  laye r  tha t  ca n b e sense d b y <j ,  ̂ > . 

Thus th e previousl y learne d weigh t  distributio n t o th e uni t 

(se e Eq .  8 )  wil l  hav e t o chang e it s directio n o f  distribution . 

I n th e situation ,  th e mode l  re-initiate s th e weigh t 

distribution to <i, B> and threshold F. is also modified 

according to (9) based on the new value of rf/. From (6), (7) 

and (8) ,  i t  i s  clea r  tha t  i f  di(t )  gre w large r  tha n T ,  th e S T M 

capacit y o f  laye r  C ,  i t  woul d b e equivalen t  t o tha t  di(t )  =  T 

i n th e dynamic s o f  th e interna l  stat e an d weigh t  distributio n 

of  <i,^> .  Tha t  i s  w h y di(t )  ha s a n uppe r  limi t  o f  T . 

A compute r  simulatio n o f  th e mode l  wa s conducte d fo r 
reproducin g a  comple x sequenc e 5^ :  J-B-A-C-D-A-B-A-E-F -

A-B-A-G-H-A-B-A-H-I .  Learnin g a  comple x sequenc e i s 

slowe r  tha n learnin g a  simpl e sequence ,  becaus e th e 

comple x sequenc e need s dynamicall y increasin g th e degree s 

of  certai n detectors ,  an d eac h tim e suc h sel f  organizatio n i s 

don e earlie r  trainin g o f  thos e detector s ha s t o b e discarded . 

Roughl y speaking ,  tim e require d fo r  trainin g increase s 

linearl y wit h th e degre e o f  a  sequence .  I t  too k 1 8 trainin g 
u-ial s befor e th e mode l  learne d t o reproduc e S^ ,  wherea s 6 

trial s suffic e t o reproduc e a  simpl e sequence .  Th e degre e 

vecto r  acquire d b y th e degre e self-tunin g mechanis m i s {1 , 

2,  3 ,  1 ,  1 ,  2 ,  3 ,  4 ,  1 ,  1 ,  2 ,  3 ,  4 ,  1 ,  2 ,  2 ,  3 ,  4 ,  2 }  fo r  thos e 

detectors .  Th e nint h componen t  E ,  fo r  example ,  require s t o 

memoriz e th e prio r  subsequenc e o f  4  component s D-A-B- A 

i n orde r  t o b e generated ;  an d th e secon d componen t  B , 

however ,  onl y require s t o memor iz e th e previou s 

componen t  /  i n orde r  t o b e generated . 

The abov e neura l  algorith m optimall y identifie s amoun t 

of  contex t  require d t o reproduc e an y comple x tempora l 

sequenc e unambiguously .  Th e sam e proble m o f  findin g 

minimu m amoun t  o f  contex t  ha s bee n studie d b y Kohonc n 

(1987 )  fo r  producin g unambiguou s inferenc e rule s i n 

sequenc e generation .  Th e propose d solutio n relie s o n 

explici t  rule s fo r  resolvin g inferenc e conflicts .  A  basi c 

differenc e o f  ou r  proposa l  fro m hi s i s tha t  w e d o no t  resor t 

t o an y externa l  rules .  Unit s representin g symbol s an d 

detector s i n ou r  mode l  ar e connecte d i n a  neuron-lik e 

manner ,  an d communicatio n a m o n g unit s i s typicall y 

neural . 

Interval Maintenance 

I n ou r  model ,  th e interva l  lengt h o f  a  componen t 

presentatio n i s th e tim e perio d durin g whic h th e externa l 

inpu t  o f  th e uni t  correspondin g t o tha t  componen t  equal s 1 . 

Thi s i s equivalen t  t o th e perio d whe n th e excitatio n leve l  o f 

th e uni t  equal s T .  I n sequenc e reproduction ,  a  uni t  i n laye r  ̂  

detect s th e onse t  o f  th e contex t  o f  a  componen t  i n orde r  t o 
trigge r  tha t  componen t  i n th e reproductio n process .  I n 5 ^ 

above ,  fo r  example ,  ther e i s a  detecto r  i n laye r  ̂  tha t  i s 

traine d t o detec t  th e contex t  D-A-B- A an d t o anticipat e th e 

onse t  o f  symbo l  E .  Accordin g t o th e model ,  afte r  trainin g 

thi s detecto r  i s  activate d jus t  on e tim e ste p afte r  th e secon d 

A start s t o occu r  (se e Eq.6) .  Bu t  E  shoul d no t  b e triggere d 

unti l  th e whol e interva l  o f  th e A  occurrenc e ha s elapsed . 

The ide a fo r  interva l  maintenanc e i s t o cod e interval s b y 

connectio n weight s fro m th e detecto r  laye r  t o th e inpu t 

layer .  Sinc e th e backwar d projection s fro m laye r  ( ^  t o f  ar e 

many-to-on e correspondence ,  th e interva l  o f  a  symbo l 

presentatio n ca n b e simpl y code d a s th e reciproca l  o f  th e 

correspondin g connectio n weight ,  s o tha t  tempora l 

integratio n o f  th e entir e interva l  i s  require d t o trigge r  th e 

nex t  component . 

I n general ,  on e interva l  serie s o f  presentatio n m a y b e 

differen t  fro m anothe r  one .  I n orde r  t o cop e wit h thi s 

situation ,  instea d o f  storin g on e interva l  directl y i n a 

weight ,  tw o parameter s ar e store d i n th e connectio n 

terminal ,  on e i s a n averag e n  o f  differen t  trainin g interval s 

and anothe r  i s a  deviatio n a^ .  Durin g reproductio n o f  a 

sequence ,  a  Gaussia n numbe r  i s generate d base d o n ̂  an d 

cr ,  t o contro l  a  specifi c  interval .  Eac h generate d interva l 

wil l  als o modif y i i  an d a ^  lik e a  presentatio n interval . 

Therefore ,  learnin g i s nothin g bu t  formatio n o f  ̂  an d cr̂ . 

Let  e i  represen t  th e interva l  o f  th e I't h presentatio n o f  a 

symbol .  T w o factor s ar e take n int o consideratio n fo r 

formin g n  an d o^ .  First ,  eac h interva l  shoul d contribut e a 

certai n amount .  Thi s i s calle d a n averagin g factor .  Second ,  a 

recen t  interva l  shoul d hav e mor e impac t  tha n a  remot e one . 

Thi s i s calle d a  recenc y factor .  Thes e tw o factor s ar e 

embodie d i n th e followin g learnin g rules . 

Hl  =  e j 
(12 ) 

wher e P  i s th e recenc y paramete r  rangin g betwee n 0  an d 1 , 

whic h describe s tha t  excep t  th e firs t  interva l  th e mos t  recen t 

interva l  ha s a  constan t  amoun t  o f  contribution ,  regardles s o f 

th e presentatio n history . 

The followin g recurrenc e learnin g rul e fo r  th e deviatio n 

ca n b e derive d fro m (12 ) 

ct J =  0 

,  an d i t  i s  eas y t o se e tha t  ct,  =  0 ,  i f  e j  =  .. .  =  e/̂ . 

(13 ) 
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Figur e 3 .  Reproductio n o f  th e comple x sequences^ ;  J-B-A'C-D-A-B-A-EF-A-B-A-G-H-A-B-A-H-I .  Th e interva l  serie s 

{9,3,6,9,5,9,7,3.6.4,9,4,5,8,5,4,5,3,7,8 }  wa s firs t  randoml y generated ,  an d fixe d i n subsequen t  trainin g trials .  Al l  unit s i n 

laye r  f  hav e 3  terminals ,  an d C, -  =  0.3 .  Th e othe r  parameter s ar e ) 3 =  0.3 ,  an d 7  =  7 . 

Wit h th e learnin g rul e o f  (12 )  an d (13) ,  interva l 

maintenanc e define d abov e i s  thu s achieved .  A  compute r 

simulatio n o f  th e mode l  wa s conducte d t o reproduc e th e 
comple x sequenc e S^ .  A s previousl y stated ,  th e mode l  too k 

18 trainin g trial s t o lea m th e sequence .  Th e numbe r  o f  trial s 

i s basicall y decide d b y requiremen t  o f  degre e self-tuning . 

Afte r  learning ,  th e entir e sequenc e wit h variou s interva l 

length s wa s abl e t o b e reproduce d b y th e initia l  contex t  o f 

th e sequence ,  subsequenc e J  i n thi s case .  Fig .  3  present s th e 

simulatio n result ,  whic h contain s a  tempora l  cours e o f  th e 

las t  trainin g tria l  togethe r  wit h th e reproductio n process . 

Sinc e i n thi s simulatio n th e spee d o f  presentatio n i s th e 

same fro m on e tria l  t o another ,  th e acquire d deviatio n fo r 

ever y lin k interva l  i s  zero .  Therefor e th e tim e cours e o f  th e 

sequenc e i s faithfull y preserve d i n reproduction . 

I n summary ,  thi s articl e present s a  neura l  mode l  o f 

tempora l  sequenc e reproduction ,  whic h i s  base d o n a n 

interferenc e mode l  o f  short-ter m memory .  Th e mode l  o f 

neura l  circui t  propose d reproduce s an y comple x tempora l 

sequenc e whic h ma y b e distorte d i n tim e (time-warped) .  Th e 

n e w abilitie s demonstrate d i n thi s paper ,  particularl y 

interva l  maintenance ,  demonstrat e tha t  a  dramati c differenc e 

i n computationa l  powe r  coul d b e lea d t o b y result s fro m 

basi c studie s o f  cognitiv e science . 
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