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Abstrac t 

Implementing random time effects in neural networks has 
been a  challeng e fo r  neura l  networ k researchers .  I n thi s 
paper ,  w e propos e a  neurophysiologicall y inspire d tempora l 
summatio n mechanis m t o reflec t  real-tim e rando m dynami c 
processin g i n neura l  networks .  Accordin g t o th e physiolog y 
of  neurona l  firing ,  a  presynapti c neuro n send s ou t  a  burs t  o f 
rando m spike s t o a  postsynapti c neuron .  I n th e postsynapti c 
neuron ,  spike s arrivin g a t  differen t  point s i n tim e ar e summed 
unti l  th e postsynapti c membran e potentia l  exceed s a 
threshold ,  thu s initiatin g postsynapti c firing .  Thi s tempora l 
summatio n proces s ca n b e use d a s a  metri c fo r  derivin g tim e 
prediction s i n neura l  networks .  T o demonstrat e potentia l 
application s o f  tempora l  summation ,  w e hav e employe d a 
feedforward ,  two-laye r  networ k featurin g a  Hebbia n learnin g 
rul e t o perfor m simulation s usin g th e semanti c primin g 
experimenta l  paradigm .  W e ar e abl e t o successfull y 
reproduc e no t  onl y th e basi c pattern s o f  observe d respons e 
tim e dat a (e.g. ,  positivel y skewe d respons e tim e distribution s 
and speed-accurac y trade-offs )  bu t  als o th e semanti c primin g 
effec t  an d th e time-cours e o f  primin g a s a  functio n o f 
stimulus-onset-asynchrony .  Thes e result s sugges t  tha t  th e 
propose d tempora l  summatio n mechanis m ma y b e a 
promisin g candidat e fo r  incorporatin g real-time ,  rando m tim e 
effect s int o neura l  networ k modelin g o f  huma n cognition . 

1.  I n t r o d u c t i o n 

Neural network modeling of human cognition represents an 

attemp t  t o combin e tw o o f  th e thre e level s o f  analysi s 

propose d b y Mar r  (1982) ,  viz. ,  th e psychologica l 

(algorithmic )  an d th e neurophysiologica l  (implementation ) 

levels .  Whil e considerin g th e rol e o f  th e real-tim e 

dimensio n i n neura l  networ k modeling ,  tw o perspective s ar e 

relevant .  F ro m th e neurophysiologica l  perspective ,  th e 

firing  patter n o f  neurons ,  a  basi c buildin g bloc k o f  neura l 

informatio n processing ,  i s usuall y describe d a s a  real-tim e 

rando m proces s (Bialek ,  Rieke ,  d e Ruyte r  va n Steveninck , 

& Warland ,  1991 ;  Gerstner ,  Ritz ,  &  va n H e m m e n,  1993) . 

F ro m a  psychologica l  perspective ,  th e respons e tim e 

variabl e ha s bee n a n importan t  sourc e o f  informatio n fo r 

understandin g h u m a n cognitio n (Luce ,  1986) .  Thes e 

perspective s hav e motivate d u s t o conside r  th e 

incorporatio n o f  th e tempora l  dimensio n int o neura l 

networ k modeling .  Moreover ,  i t  ca n b e argue d tha t 

incorporatin g real-tim e dynamic s int o neura l  network s 

represent s a n essentia l  ste p i n specifyin g th e linkin g rule s 

betwee n psychologica l  an d neurophysiologica l  levels , 

whic h i s critica l  t o understandin g cognition . 

Althoug h som e doub t  ha s bee n raise d abou t  th e abilit y o f 

extan t  feedforwar d neura l  network s t o predic t  th e tim e 

cours e o f  informatio n processin g (Massar o &  C o w m a n, 

1993) ,  som e noteworth y mechanism s hav e bee n proposed , 

including :  (1 )  gradua l  propagatio n o f  activatio n i n tim e 

(Cascad e model ,  McClelland ,  1979 ;  G R A I N model , 

McClelland ,  1993 ;  Cohen ,  Dunbar ,  &  McClelland ,  1990 ; 

Seidenber g &  McClelland ,  1989 *  ;  Kawamoto ,  1993) ,  (2 )  a n 

independen t  decisio n modul e havin g linea r  integrato r  wit h 

threshol d (see ,  e.g. ,  Lacoutur e &  Marley ,  1991 ,  1994) ,  (3 ) 

number  o f  iteration s require d t o ge t  from  initia l  stat e t o 

stabilize d stat e (e.g. ,  Anderson ,  Silverstein ,  Ritz ,  &  Jones , 

1977 ;  Masson ,  1991 ,  1995) ,  an d (4 )  vecto r  distanc e betwee n 

initial -  an d stabl e state s (Sharkey ,  1989) .  I n particular , 

gradua l  propagatio n (McClelland ,  1979 ,  1993 )  seem s t o 

c o me closes t  t o implementin g real-tim e dynamics . 

McClelland' s model s predic t  mea n respons e time s b y 

assumin g a  non-linea r  patter n o f  th e tim e cours e o f  gradua l 

activatio n throug h neura l  networ k layers .  However ,  i t  i s no t 

clea r  h o w rando m tim e effect s ca n b e simulate d usin g 

gradua l  activation ,  no r  wha t  aspec t  o f  neurophysiologica l 

mechanism s i s  responsibl e fo r  th e assume d non-linea r 

fiinction  fo r  th e tim e pattern ,  particularl y i f  on e i s t o dee m 

th e neurophysiologica l  plausibilit y  a s bein g important . 

Thi s researc h seek s t o provid e a  neurophysiologicall y 

motivate d foundatio n fo r  incorporatin g real-tim e rando m 

dynami c processin g i n neura l  networks .  M a n y neura l 

networ k model s hav e utilize d th e mea n firing  rat e (whic h 

contain s informatio n abou t  th e activatio n leve l  o f  a  neuron ) 

as th e basi c metri c o f  communicatio n betwee n neurons .  Th e 

mean firing  rat e is ,  however ,  a n unsatisfactor y metri c 

becaus e i t  average s ou t  th e informatio n relate d t o th e 

tempora l  patter n o f  firing  (Gerstne r  e t  al. ,  1993 ;  Pahn , 

Aertsen ,  &  Gerstein ,  1988) .  Accordingly ,  whe n 

Seidenber g &  McClellan d (1989 )  use d mea n squar e erro r  a s a n 

indicato r  o f  mea n respons e tim e base d o n th e cascad e model . 
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incorporatin g real-tim e dynamic s int o neura l  networks ,  i t 

may b e advisabl e t o identif y an d utiliz e thos e firin g 

mechanism s an d metric s whic h ar e capabl e o f  reflectin g 

tempora l  processin g patterns . 

2. Temporal Summation of Neural Information 

Process in g 

Neural firing results from the operation of two independent 

mechanisms :  a  spatia l  summatio n mechanis m an d a 

tempora l  summatio n mechanis m (se e Levitt ,  1981 ;  Arbib , 

1989) .  A  presynapti c neuron ,  onc e excited ,  send s ou t  a 

trai n o f  rando m spike s t o a  postsynapti c neuron .  Th e 

postsynapti c neuro n accumulate s spike s fro m differen t  pre -

synapti c neuron s (i.e. ,  spatia l  summation )  ove r  tim e (i.e. , 

tempora l  summation )  unti l  activatio n fro m th e presynapti c 

neuron s exceed s a  predetermine d threshold ,  triggerin g a 

postsynapti c firin g (se e Figur e 1) . 
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Figur e 1 .  Pictoria l  depictio n o f  tempora l 

summatio n mechanis m 

Spatial summation constitutes one of the basic building 

block s i n almos t  al l  neura l  networ k models ,  an d ha s bee n 

widel y utilize d (Rumelhar t  &  McClelland ,  1986 ;  Hopfield , 

1982) .  Althoug h th e existenc e o f  th e tempora l  summatio n 

mechanis m i s  equall y well-know n an d establishe d i n 

neurophysiology ,  surprisingl y littl e attentio n ha s bee n pai d 

towar d incorporatin g thi s mechanis m i n pas t  neura l  networ k 

modeling .  Accordingly ,  w e conten d tha t  th e tempora l 
summatio n mechanis m m a y provid e on e wa y o f 

implementin g real-tim e dynamic s int o neura l  networks . 

We wil l  n o w revie w an d summariz e th e forma l  descriptio n 

of  tempora l  summatio n a t  th e postsynapti c neuro n a s i t  relate s 

t o neura l  networ k modelin g (fo r  mor e details ,  se e Ricciardi , 

1977 ;  Sato ,  1978) .  A n inpu t  unit ,  onc e excited ,  send s ou t  a 

time-serie s o f  all-or-non e spike s t o th e outpu t  unit s o f  a 

network .  Le t  u s assum e tha t  spikes ,  denote d b y Si(t )  =  0  o r  1 , 

ar e generate d i n inpu t  uni t  i  vi a a  Poisso n proces s wit h 

paramete r  X  (i.e. ,  th e mea n numbe r  o f  spike s durin g a  give n 

tim e interva l  i s  proportiona l  t o th e tim e interva l  itself) .  A n 

outpu t  uni t  accumulate s train s o f  spike s fro m differen t  inpu t 

units ,  weighte d b y th e connectio n strengt h (Wy )  betwee n 

inpu t  uni t  i  an d outpu t  uni t  j .  Specifically ,  leak y integratio n i n 

tempora l  summatio n weaken s th e activatio n o f  a n outpu t  uni t 

when n o spike s arrive-suc h a  leak y integratio n i s common l y 

assume d i n simulatin g a  singl e neuron' s activit y (see ,  fo r 

instance ,  McKenna ,  Davis ,  &  Zometzer ,  1992) . 

Formally ,  th e chang e o f  activatio n i n outpu t  uni t  j  a t  tim e t 

(Anet/O )  ca n b e writte n a s th e followin g stochasti c equation : 

rr t 

1=1 

t+t a 

Si{h)d h -  \ * m t j ( t ) * ^  (1 ) 

Spatia l  Tempora l  Leakag e 

Summatio n Summatio n Ter m 

where W,j ( > 0) is the connection weight between input unit i 

and outpu t  uni t  j ,  O/  represent s th e activit y o f  inpu t  uni t  i ,  an d 

^  ( > 0 )  i s a  leakag e parameter . 

I n principle ,  tempora l  summatio n ca n b e applie d t o th e 

modelin g o f  an y psychologica l  phenomeno n tha t  involve s th e 

tim e cours e o f  processing .  I n th e presen t  study ,  wit h th e vie w 

of  explorin g th e psychologica l  plausibilit y o f  th e tempora l 

summatio n mechanism ,  w e hav e applie d i t  t o th e semanti c 

primin g phenomenon . 

3. Simulating the Semantic Priming Effect 

3.1. The Neural Network 

To implement temporal summation, we constructed a 

feedforward ,  two-laye r  networ k wit h al l  inpu t  unit s 

(semanti c featur e units )  bein g full y connecte d t o outpu t 

unit s (concep t  units) .  W e us e a  binar y vecto r  a  =  (a, ,  ... , 

a^) ,  wher e a ^  =  1  (on )  o r  0  (off )  t o indicat e th e presenc e o r 
absenc e o f  th e i-t h semanti c featur e i n a n inpu t  stimulu s 

(e.g. ,  "has-a-wing "  fo r  concep t  "B IRD") .  Th e outpu t  o f  th e 

networ k i s describe d b y anothe r  binar y vecto r  b  =  (bj ,  ... , 

bn)  wher e b j  = 1 (on )  o r  0  (off )  indicate s th e concept -

triggerin g respons e o f  th e j-t h outpu t  uni t  (e.g. ,  "B IRD") . 

The outpu t  bj ,  correspondin g t o concep t  j ,  i s  produce d usin g 

th e non-linea r  threshol d fiinctio n b j  =  f\netj{t)-Q Y 

wher e netj(t )  i s  th e activatio n o f  uni t  j  a t  tim e t ,  9  i s a 

threshold ,  an d J{x )  =  1  i f  x  >  0  an d 0  otherwise .  A s 

describe d i n equatio n (1 )  above ,  net/t )  i s a  rando m variabl e 

tha t  change s ove r  tim e accordin g t o th e nonlinea r  stochasti c 

process . 

The followin g for m o f  Hebb' s learnin g rul e wa s 
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employe d (cf .  Hebb ,  1949 ;  Grossberg ,  1987 ;  Levy ,  1982) : 

MVi, =a»a»bj-b»Wu (2) 

where a (>0) is the learning rate and 5 (>0) is a decay 
constant .  Th e networ k wa s traine d t o lear n concepts ;  eac h 
concep t  wa s define d b y th e correspondin g prototyp e vector : 

/  -(y^ ,  y j .  y^herey>.^P(a i  =  l\b i  =  l) ,  ( j  =  l  n) . 

For  th e purpos e o f  th e simulations ,  thes e prototyp e vector s 
wer e artificiall y  generated .  O n eac h trainin g tria l  fo r  a 
particula r  concep t  (sa y concep t  j) ,  a  binar y vecto r  i s 
randoml y generate d fro m th e prototyp e vecto r  y '  an d 
presente d t o th e networ k a s a n inpu t  whil e outpu t  uni t  b j 
remain s turne d on .  Unde r  thes e modelin g assumptions ,  i t 
can b e readil y show n tha t  a t  equilibriu m (i.e. ,  whe n E[AWjj ] 
= 0) ,  w e have : 

E [ W , j ]  =  — P ( b j = l )P(a< = l\b j  =  1 ) 

(se e Clar k &  Ravishankar ,  1990) .  I n othe r  words ,  a 
connectio n weigh t  i s determine d b y th e produc t  o f  th e bas e 
rat e o f  concep t  j  (th e prio r  probabilit y  o f  th e outpu t  uni t 
firing )  an d th e conditiona l  probabilit y  o f  existenc e o f 
featur e i  give n concep t  j .  Th e networ k wa s traine d fo r  si x 
randoml y presente d concept s ove r  12,00 0 trainin g trials . 
The resultin g weight s wer e the n use d fo r  subsequen t 
simulations . 

3.2. Response Time 

Respons e tim e i n th e networ k i s defme d a s th e tim e la g 
betwee n presentatio n o f  a n inpu t  vecto r  an d th e earlies t 
firin g o f  a n outpu t  unit .  Fro m th e characteristic s o f  th e 
tempora l  summatio n mechanism ,  fou r  basi c propertie s o f 
th e simulate d respons e tim e pattern s ca n b e predicte d fo r  th e 
network . 

First ,  respons e tim e wil l  b e probabilisti c  rathe r  tha n 
deterministi c owin g t o th e rando m Poisso n proces s 
assumptio n o f  tempora l  summation .  Consequently ,  th e 
networ k produce s a  respons e tim e distributio n instea d o f 
simpl y th e mea n respons e time .  I n particular ,  th e shap e o f 
th e respons e tim e distributio n wil l  b e positivel y skewed ,  a 
consequenc e o f  th e accumulatio n o f  activatio n ove r  tim e i n 
th e presenc e o f  a  fixed  threshol d (Ratcliff ,  1978) . 

Second ,  not e tha t  leak y integratio n i n th e accumulatio n o f 
activatio n i n th e networ k give s ris e t o non-linearit y i n 
tempora l  summation .  Althoug h thi s non-linearit y i s a 
c o m m on assumptio n o f  som e rando m wal k model s 
(Ratclif f  1980 ;  Smith ,  1994) ,  i t  may ,  i n fact ,  b e attributabl e 
t o tempora l  summatio n o f  neura l  firing .  Thi s insigh t  point s 
t o th e benefi t  o f  givin g du e consideratio n t o 
neurophysiologica l  mechanism s i n conjunctio n wit h 
mathematica l  modelin g (e.g. .  Link ,  1992) . 

Third ,  exploitin g th e propertie s o f  th e Hebbia n learnin g 

rule ,  i t  ca n b e formall y show n tha t  th e respons e tim e i s 
determine d b y similarit y betwee n a n inpu t  featur e vecto r 
and a  prototyp e concep t  vector .  Definin g similarity ,  s(a ,  y) , 
as a  do t  produc t  betwee n a n inpu t  featur e vecto r  a  an d a 
prototyp e concep t  vecto r  y ,  w e derive d th e mea n drif t  rat e 
of  activatio n o f  th e correspondin g outpu t  uni t  give n th e 
inpu t  vector .  Th e mea n drif t  rat e i s proportiona l  t o th e 
similarit y betwee n th e tw o vectors .  Thi s implie s tha t  greate r 
similarit y o f  a n inpu t  vecto r  t o a  store d prototyp e vecto r  wil l 
elici t  a  faste r  respons e i n th e correspondin g outpu t  unit . 
Thi s relatio n betwee n similarit y an d respons e tim e wil l  b e 
demonstrate d i n th e followin g sectio n whic h report s ou r 
simulatio n result s o f  semanti c primin g effects . 

Finally ,  a s th e threshol d (9 )  o f  th e networ k i s varied ,  th e 
respons e tim e changes .  Manipulatin g thi s threshol d wil l 
lea d t o speed-accurac y trade-off s (i.e. ,  reciprocit y betwee n 
respons e tim e an d erro r  rate) .  Speed-accurac y trade-off s 
hav e bee n a  c o m m o n empirica l  fmdin g i n cognitiv e studie s 
(see ,  Wickelgren ,  1977 ,  fo r  a  review) . 

Simulation s o f  ou r  networ k hav e confirme d al l  fou r 
prediction s regardin g th e characteristi c pattern s o f  respons e 
times . 

3.3. Semantic Priming in the Network 

A typica l  stud y o f  semanti c primin g i n experimenta l 
psycholog y consist s o f  tw o conditions :  a  contro l  conditio n 
and a  primin g condition .  I n th e contro l  condition ,  a  targe t 
wor d (e.g. ,  " N U R S E " )  follow s a  semantically-unrelate d 
wor d (suc h a s "TREE") ,  presente d fo r  a  fixed  duration .  I n 
th e primin g condition ,  th e sam e targe t  wor d ("NURSE" ) 
follow s a  semantically-relate d prim e wor d (suc h a s 
" D O C T O R " ) .  Th e subjects '  tas k i s t o identif y th e targe t 
wor d a s quickl y a s possible .  A s migh t  b e expected ,  a n 
abundanc e o f  studie s hav e documente d tha t  respons e time s 
unde r  th e primin g conditio n ar e shorte r  compare d t o th e 
contro l  conditio n (fo r  reviews ,  se e Meye r  &  Schvaneveldt , 
1971 ;  Neely ,  1991) .  I n particular ,  th e greate r  th e semanti c 
similarit y betwee n th e prim e an d target ,  th e greate r  th e 
primin g effect .  Anothe r  importan t  fmdin g i s tha t  a s th e 
stimulus-onset-asynchron y (denote d b y Tsoa )  betwee n 
prim e an d targe t  increases ,  th e semanti c primin g effec t 
increase s an d eventuall y reache s a n asymptot e level ,  whic h 
depend s o n semanti c similarit y betwee n prim e an d targe t 
(Lorch ,  1982 ;  Ratclif f  &  McKoon ,  1981) . 

I n th e presen t  network ,  simulatio n o f  th e semanti c 
primin g effec t  wa s carrie d ou t  b y successivel y presentin g 
tw o inpu t  vector s (on e pertainin g t o th e prim e an d anothe r 
t o th e target )  an d recordin g th e respons e tim e o f  th e outpu t 
uni t  correspondin g t o th e targe t  vector .  Al l  th e dat a 
acquire d from  th e followin g simulation s ar e base d o n 1,00 0 
simulatio n trials .  Specifically ,  le t  th e thre e inpu t  vector s 
^CT^  a*""̂ ,  an d a °  denot e th e control- ,  prime- ,  an d targe t 
vectors ,  respectively .  A s mentione d earlier ,  eac h elemen t  o f 
th e binar y "target "  vecto r  a ™ i s generate d probabilisticall y 
from  a  prototyp e vector ,  sa y y* .  B y definin g th e contro l  an d 
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Figur e 2 .  Th e tim e cours e o f  activatio n fo r  th e contro l  an d primin g condition s 

primin g condition s a s above ,  th e similarit y betwee n a  prim e 

vecto r  an d th e prototyp e vecto r  corresponding  t o a  targe t 

output ,  s( a ,  y' )  i s  greate r  fo r  th e primin g conditio n tha n 

s( a ,  y' )  fo r  th e contro l  condition .  Th e followin g diagra m 

summarize s presentatio n sequence s unde r  th e tw o 

simulatio n conditions : 

Primin g perio d 

( 0 < t < T s o A ) 

Contro l  condition :  T R E E ( a " ) 

Primin g condition :  DOCTOR(a' ' '^ ) 

Targe t  perio d 

(t>TsoA ) 

^  N U R S E (a'̂ ° ) 

^  N U R S E (a^^ ) 

S o me typica l  pattern s o f  activatio n i n th e outpu t  unit s ar e 

show n i n Figur e 2 .  A  compariso n o f  th e activatio n pattern s 

i n th e firs t  par t  (primin g period )  o f  th e tw o panel s i n th e 

figur e reveal s differen t  level s o f  pre-activatio n o f  th e targe t 

outpu t  uni t  ("NURSE" )  betwee n contro l  an d primin g 

conditions .  Durin g th e primin g period ,  owin g t o greate r 

similarity ,  th e pre-activatio n o f  a  targe t  outpu t  uni t  i n th e 

primin g conditio n increase s faste r  tha n i n th e contro l 

condition .  Next ,  i n th e targe t  period ,  whe n th e targe t  wor d 

a i s  presente d t o th e networ k a t  tim e t=TsoA .  th e 
activatio n start s t o increas e fro m th e pre-activate d level . 

Becaus e a  targe t  outpu t  uni t  ha s a  highe r  pre-activatio n leve l 

i n th e primin g conditio n tha n i n th e contro l  condition ,  th e 

targe t  outpu t  uni t  activatio n i n th e primin g conditio n 

reache s th e threshol d faster ,  thu s producin g a  shorte r 

respons e time .  Further ,  th e siz e o f  th e semanti c primin g 

effec t  i s directl y relate d t o th e semanti c similarit y betwee n a 

prim e an d target .  Formally ,  on e ca n readil y deriv e th e 

followin g equatio n fo r  R T ^  describin g th e relatio n betwee n 

respons e tim e an d similarit y fo r  bot h simulatio n condition s 

[ q =  C T (control )  o r  P M (priming )  ] : 

R Ta = il n 
TG p£[Mb(a'^,/ )  -s{»\f )  (l-e-̂ '*'̂ ] _ p- 5 ?"» -

P £[/). ]5(a^°,yO-e+ e 

(3 ) 

wher e P  i s equa l  t o Xa/^8 ,  9  i s th e respons e threshold ,  an d e 

i s time-dependen t  rando m nois e wit h zer o mean .  Not e tha t 

fro m th e abov e equation ,  w e hav e m e a n R T c t  >  m e a n RTp^ , 

sinc e s(a" ,  y' )  <  s(a'''̂ ,  y^) . 

Figur e 3  show s th e influenc e o f  varyin g th e S O A o n th e 

semanti c primin g effect .  Tha t  is ,  a s th e S O A increases ,  th e 

primin g effec t  initiall y  increase s an d the n approache s a n 

asymptot e level .  Thi s patter n o f  ou r  result s closel y 

approximate s empirica l  findings  (Lorch ,  1982 ;  Ratclif f  & 

M c K o o n,  1981) .  I t  i s  noteworth y tha t  thi s asymptoti c 

c 
o . 

Contro l 
Primin g 

0 

Figur e 3 .  Primin g effect s a s a  fiinctio n o f  Stimulus-Onse t 
Asynchron y (vertica l  erro r  bar s depic t  9 9 % 

confidenc e intervals ) 
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patter n o f  th e primin g effec t  i s  a  direc t  consequenc e o f  th e 

assume d leak y integratio n process . 

4. Summary and Conclusion 

The main goal of the present investigation was to design a 

neura l  networ k tha t  reflect s rando m tim e effect s i n huma n 

informatio n processing .  I n particular ,  w e hav e propose d a 

tempora l  summatio n mechanis m inspire d b y th e physiolog y 

of  neura l  firing.  A s a n applicatio n o f  thi s mechanism ,  w e 

hav e demonstrate d tha t  a  neura l  networ k implementin g 

tempora l  summatio n ca n successfull y simulat e respons e 

tim e data ,  i n particular ,  th e "semanti c primin g effect "  i n 

human cognition .  Thes e result s sugges t  tha t  th e tempora l 

summatio n mechanis m m a y b e a  promisin g candidat e fo r 

implementin g real-tim e dynamic s int o neura l  networks . 

By producin g tempora l  activatio n pattern s tha t  ar e simila r 

t o thos e produce d b y gradua l  activation ,  th e presen t  stud y 

furthe r  develop s an d extend s McClelland' s cascad e an d 

G R A I N model s (McClelland ,  1979 ,  1993) .  However ,  thi s 

extensio n i s accomplished ,  no t  b y resortin g t o ftirther 

mathematica l  sophistication ,  bu t  b y makin g us e o f  th e 

neurophysiologicall y grounde d tempora l  summatio n 

mechanism .  W e believ e tha t  thi s implementatio n i s a n 

importan t  advanc e becaus e i t  represent s a  natura l  an d 

logica l  extensio n t o curren t  modelin g o f  real-tim e rando m 

dynamic s i n neura l  networks . 

I n conclusion ,  b y featurin g th e propose d tempora l 

summatio n mechanism ,  th e presen t  stud y ha s opene d u p a 

ne w avenu e fo r  simulatin g rando m tim e effect s i n neura l 

networks .  Introducin g thi s mechanis m int o neura l  networ k 

modelin g i s likel y t o enhanc e ou r  understandin g o f  huma n 

cognitio n b y permittin g bot h a  psychologica l  an d 

neurophysiologica l  treatmen t  o f  th e tim e dimension . 
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