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A b s t r a c t 

The synapse plays a fundamental role in the 
computation s performe d b y th e brain .  Th e excitator y o r 
inhibitor y nauir e o f  a  synaps e represent s a  (simplified ) 
characterizatio n o f  bot h th e synaps e itsel f  an d th e 
computationa l  rol e i t  play s i n th e large r  circuit .  M u c h 
speculatio n concern s th e functiona l  importanc e o f 
excitatio n an d inhibitio n i n th e physiolog y o f  th e 
cerebra l  cortex .  Th e curren t  stud y use s neura l  networ k 
(connectionist )  model s t o as k whethe r  o r  no t  th e relativ e 
proportio n o f  inhibitio n (i.e. ,  inhibitor y synapses )  an d 
excitatio n (i.e. ,  excitator y synapses )  i n th e brai n affect s 
th e developmen t  o f  it s neura l  networks ? Th e result s ar e 
affirmative :  A n artificia l  neura l  network ,  designe d t o 
perfor m a  particula r  tas k involvin g winner-take-al l 
outpu t  nodes ,  i s sensitiv e t o th e initia l  configuratio n o f 
positiv e (excitatory )  an d negativ e (inhibitory ) 
connection s (synapses) ,  suc h tha t  i t  learn s considerabl y 
faste r  whe n starte d wit h 6 0 - 7 5 % inhibitor y connection s 
tha n whe n i t  include s a  greate r  o r  lesse r  proportio n tha n 
this .  Implication s o f  thi s resul t  fo r  neuroanatom y an d 
neurophysiolog y ar e discussed . 

Introduction 

The brain computes through a distributed network of 
discret e neura l  element s whos e patter n o f  connection s 
give s ris e t o particula r  type s o f  computations .  M a n y 
morphologica l  an d functiona l  feature s o f  thes e object s 
contribut e t o thei r  abilit y  t o compute ,  wit h th e synaps e 
playin g a  fundamenta l  rol e [Shepher d an d Koch ,  1990] . 
T h e excitator y o r  inhibitor y natur e o f  a  synaps e 
represent s a  (simplified )  characterizatio n o f  bot h th e 
synaps e itsel f  an d th e computationa l  rol e i t  play s i n th e 
large r  circuit .  Th e functiona l  importanc e o f  excitatio n 
an d inhibitio n i n th e brai n i s th e subjec t  o f  significan t 
speculatio n [Fromm .  1992] ,  whic h ha s le d t o assertion s 
abou t  th e importanc e o f  inhibitio n i n th e physiolog y o f 
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th e brain ,  particularl y withi n th e cerebra l  cortex . 
I n thi s paper ,  w e us e a  neura l  networ k (connectionist ) 

model  t o examin e th e question :  Doe s th e relativ e 
proportio n o f  inhibitio n (i.e. ,  inhibitor y synapses )  an d 
excitatio n (i.e. ,  excitator y synapses )  i n th e brai n affec t 
th e computationa l  efficienc y o f  it s neura l  networks ? 
T wo paralle l  issue s devolv e fro m thi s question ,  on e 
involvin g th e developmen t  o f  computationa l  circuits , 
and th e othe r  conceme d wit h th e operatio n o f  alread y 
learne d circuits . 

We investigat e thes e question s i n th e contex t  o f  th e 
cortica l  visua l  system ,  particularl y th e result s o f 
Mishki n an d hi s colleague s [Mishkin ,  e t  al. ,  1983 ]  o n 
macaque visua l  processing .  W h e n require d t o perfor m 
th e dua l  tas k o f  visua l  objec t  recognitio n an d spatia l 
localization ,  th e macaqu e use s tw o separat e visua l 
system s t o perfor m th e tw o tasks ,  a  tempora l  "what " 
syste m an d a  parieta l  "where "  syste m [Desimone ,  e t  al. , 
1985 ;  Mishkin ,  e t  al. ,  1983] .  Rueckl ,  Cave ,  an d Kossly n 
[1989 ]  hav e constructe d a  compute r  mode l  o f  thi s 
system ,  whic h wa s use d a s a  testbe d fo r  th e presen t 
sUid y o f  inhibitio n an d excitation . 

T wo hypothese s motivate d th e curren t  study :  (1 )  Th e 
developmen t  o f  th e visua l  syste m (t o perfor m th e objec t 
recognitio n an d spatia l  localizatio n task )  take s plac e 
faste r  w h e n th e initia l  neura l  networ k contain s a 
predominanc e o f  inhibitor y synapses ;  an d (2 )  Full y 
develope d neura l  network s o f  th e (tw o pathway s o f  the ) 
visua l  syste m operat e mor e accuratel y whe n containin g 
predominantl y inhibitor y synapses .  W e teste d thes e tw o 
hypothese s b y teachin g numerou s initia l  configuration s 
of  th e Rueck l  mode l  (wit h differen t  fraction s o f 
excitator y an d inhibitor y synapses )  t o perfor m th e 
visua l  task . 

Thi s mode l  represent s on e o f  a  clas s o f  neura l 
networ k (o r  connectionist )  model s currentl y unde r 
investigatio n b y researcher s fro m divers e disciplines . 
Suc h model s attemp t  formall y t o understan d biologica l 
neurona l  networks ,  a t  th e level s o f  bot h individua l 
neurona l  processin g (e.g. ,  dendriti c  computations , 
synapti c behavior )  an d o f  larg e assemblie s o f  neurona l 
processin g (e.g. ,  cerebella r  cortex )  [Sejnowski ,  e t  al. . 
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1988 ;  Sun .  e t  al. .  1988] .  I n 
addition ,  neura l  networ k model s 
of  hig h leve l  cognitiv e processing , 
i n suc h area s a s visio n [Feldman , 
1989 ]  an d languag e [McClellan d 
and Rumelhart ,  1986 ;  Seidenber g 
and McClelland .  1989] ,  ar e 
reshapin g accepte d notion s i n 
in fo rmat io n p r o c e s s i n g 
psychology .  Whil e thes e model s 
diffe r  greatl y i n th e forma l 
specification s o f  thei r  neurona l 
units ,  an d i n th e particula r  manne r 
i n whic h th e unit s ar e connecte d t o 
perfor m computations ,  the y shar e 
simila r  underlyin g principle s o f 
organization . 

Th e overal l  goa l  o f  th e 
experimenta l  metho d i s t o us e a 
theoretica l  analysi s t o m a k e 
suggestion s fo r  empirica l 
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Figur e 1 :  Networ k Representatio n o f  Visua l  Patter n Recognitio n 

scientists .  A s a  necessit y o f  th e approac h [Churchlan d 
and Sejnowski .  1987] .  w e addres s computationa l 
question s abou t  th e brai n a t  a  hig h leve l  o f  abstraction . 
Thus ,  w e wil l  no t  b e abl e t o sho w h o w muc h inhibitio n 
i s actuall y use d i n a  particula r  are a o f  th e brai n o r  fo r  a 
particula r  neurologica l  task .  Nonetheless ,  w e d o provid e 
some suggestion s abou t  h o w th e overal l  balanc e o f 
inhibitor y an d excitator y synapse s migh t  m a k e a 
differenc e i n th e computation s tha t  ar e possible .  Whil e 
thi s wil l  no t  answe r  th e morphologica l  questions ,  i t  m a y 
hel p motivat e researc h t o establis h a  bette r  correlatio n 
betwee n anatomica l  an d physiologica l  results . 

Methods 

As with most connectionist models, and with all models 
at  thi s leve l  o f  analysis ,  man y simplifyin g assumption s 
ar e mad e abou t  neuron s an d synapse s [Sejnowski .  e t  al. , 
1988] .  Th e mode l  presente d her e use s a  ver y simpl e 
model  o f  a  neuron ,  an d a n eve n simple r  mode l  o f  a 
synapse .  Thes e simpl e model s ar e show n i n Tabl e 1 . 
and ar e representativ e o f  th e strategie s c o m m o n i n 
connectionis t  modelling .  (Se e ou r  previou s discussio n 
of  thi s i n [Small .  1991]. )  A  paralle l  distribute d 
processin g ( P D P )  approac h [Rumelhar t  an d 
McClelland .  1986] .  employin g a  layere d fee d forwar d 

CNS Concep t 
Neuro n 
Synapti c strengt h 
Axon firin g rat e 
Synaps e 
Inhibitio n 
Excitatio n 
Depolarizatio n 
Threshol d 

Model  Analogu e 
Uni t 
Connectio n weigh t 
Uni t  potentia l 
Uni t  inpu t 
Negativ e weigh t 
Positiv e weigh t 
Potentia l  functio n 
Bia s 

Natur e 
Abstractio n 
Valu e 
Valu e 
Valu e 
Valu e 
Valu e 
Functio n 
Valu e 

Descriptio n 
Associate d value s an d function s 
Real  numbe r 
Real  numbe r 
Weighte d uni t  potentia l 
Negativ e rea l  numbe r 
Positiv e rea l  numbe r 
Adjuste d su m o f  input s 
Real  numbe r 

Tabl e 1 :  Compute r  Mode l  Correlate s o f  Neurobiologica l  Concept s 

(i.e. ,  non-recurrent )  networ k wit h on e hidde n laye r  o f 
computationa l  unit s i n additio n t o th e inpu t  an d outpu t 
layers ,  forme d th e basi s o f  th e implemeniation . 

Suc h network s ar e abl e t o lear n b y exampl e t o 
perfor m som e tas k (i.e. .  associatin g a  numbe r  o f  inpu t 
pattern s wit h desire d outpu t  patterns )  b y adjustin g thei r 
connectio n strength s accordin g t o particula r  erro r 
minimizatio n rules .  Th e bac k propagatio n learnin g 
algorith m [Rumelhart .  e t  al. ,  1985 ]  represent s a  usefu l 
learnin g strategy .  O n e criterio n fo r  th e succes s o f  a  P D P 
model  usin g bac k propagatio n i s th e numbe r  o f 
presentation s o f  eac h trainin g exampl e require d t o teac h 
th e mode l  t o perfor m th e desire d task .  Th e model s 
discusse d i n thi s pape r  us e thi s criterion ;  a  networ k tha t 
learn s a  tas k quicke r  (i.e. .  wit h fewe r  presentation s o f 
eac h trainin g instance )  i s considere d t o b e superio r  t o 
one tha t  learn s th e tas k slower .  O f  course ,  thes e 
number s ar e subjec t  t o statistica l  interpretation ,  an d th e 
concept s o f  faste r  an d slowe r  mus t  confor m t o standar d 
criteri a o f  significance . 

As noted ,  th e experiment s presente d her e wer e 
conducte d wit h th e visua l  syste m mode l  o f  Rueck l  an d 
hi s colleague s [1989] .  Th e mode l  perform s th e 
classificatio n o f  two-dimensiona l  visua l  image s int o 
tw o categories ,  on e representin g wha t  objec t  wa s show n 
and th e othe r  representin g wher e o n th e inpu t  gri d th e 
imag e appeared . 

Thi s dua l  tas k o f 
v i s u a l  o b j e c t 
recognitio n an d spatia l 
localizatio n ha s a 
neurobiologica l  basi s 
i n th e tempora l  "what " 
syste m an d parieta l 
" w h e r e "  sys tem s 
identifie d i n th e 
macaque monke y 

367 



[Desimone .  e t  al. .  198S ;  Mishkin .  e t  al. ,  1983] .  Rueck l 
et  a l  showe d tha t  a  computationa l  neura l  networ k 
learne d th e tw o task s m u c h faste r  i f  instea d o f  a  singl e 
process ,  th e networ k wer e subdivide d int o tw o paralle l 
networ k processes ,  on e fo r  objec t  recognitio n an d th e 
othe r  t o perfor m th e spatia l  localization . 

Th e specifi c  experimenta l  hypotheses ,  base d o n th e 
genera l  hypothese s discusse d above ,  ar e tha t  th e fee d 
forwar d layere d connectionis t  networ k designe d b y 
Rueck l  e t  a l  [1989 ]  bot h (1 )  learn s faste r  whe n starte d 
wit h predominantl y negativ e weight s tha n wit h rando m 
weight s o r  wit h predominantl y positiv e weights ;  an d (2 ) 
perform s m o r e accuratel y w h e n containin g 
predominantl y negativ e weights .  Whil e th e specifi c 
hypothese s concer n mathematica l  networks ,  w e sugges t 
tha t  th e principle s o f  operatio n appl y t o biologica l 
network s an d thei r  synapses . 

Thi s mode l  consist s o f  a  fee d forwar d networ k o f 
unit s containin g thre e layers :  (1 )  a n inpu t  layer ,  (2 )  a n 
ou^u t  layer ,  an d (3 )  a n intermediat e (hidden )  layer . 
Thes e thre e layer s ar e illustrate d graphicall y i n Figur e 
1.  Th e inpu t  laye r  consist s o f  a  linea r  refxesentatio n o f  a 
tw o dimensiona l  visua l  pattern .  Th e S  x S  inpu t  gri d o f 
Figur e 1 ,  representin g th e lette r  " U " ,  i s  actuall y 
represente d a s th e linea r  vecto r  o f  binar y digits ,  wit h a 
T representin g a  pixe l  i n th e paue m an d a  "0 "  on e tha t 
i s no t  i n th e pattern .  Th e outpu t  laye r  represent s wha t 
patter n wa s presente d an d wher e i n th e tw o dimensiona l 
inpu t  spac e th e patter n wa s presented . 

Th e outpu t  laye r  o f  Figur e 1  illustrate s thes e tw o 
sublayer s o f  representation :  O n e sublaye r  (th e righ t 
han d par t  o f  th e outpu t  laye r  i n th e Figure )  contain s th e 
informatio n o n wha t  inpu t  objec t  wa s presente d — i n 
thi s cas e th e lette r  " U "  — an d th e othe r  sublaye r  (th e 
lef t  han d par t  o f  th e outpu t  laye r  i n th e Figure )  contain s 
th e informatio n a s t o wher e i n th e inpu t  gri d tha t  objec t 
appeare d — i n thi s case ,  i n th e to p righ t  positio n o f  th e 
inpu t  grid .  Th e networ k representatio n o f  th e outpu t 
laye r  use s binar y digits ,  wit h a  "1 "  fo r  th e correc t 
identificatio n an d location ,  an d a  "0 "  otherwise . 

Th e unit s o f  on e laye r  ar e full y  connecte d t o thos e o f 
th e nex t  layer ,  an d th e connection s ca n b e eithe r 
positiv e (excitatory )  o r  negativ e (inhibitory) .  Th e unit s 
withi n a  particula r  laye r  ar e no t  connected .  Th e networ k 
start s wit h rando m connectio n strength s a m o n g th e 
unit s o f  th e adjacen t  layers .  I t  i s  the n repeatedl y 
presente d wit h nin e differen t  inpu t 
pattern s i n al l  nin e possibl e 
positions ,  alon g wit h th e desire d 
outpu t  values ,  indicatin g wha t 
patter n wa s presente d where .  Th e 
exampl e inpu t  patter n an d correc t 
outpu t  valu e o f  Figur e 1  ar e 
illustrative .  Th e mode l  the n use s 
th e bac k propagatio n algorith m 
[Rumelhar t  e t  al ,  198S ]  t o chang e 
th e connectio n strength s (weights ) 
of  th e networ k i n a  w a y tha t 

minimize s th e overal l  networ k error .  Ultimatel y th e 
networ k learn s t o classif y al l  th e inpu t  patterns . 

I n th e origina l  mode l  o f  Rueck l  e t  a l  [1989] ,  learnin g 
was significantl y faste r  whe n th e networ k wa s spli t  int o 
separat e "what "  an d "where "  system s tha n whe n th e 
tas k wa s attempte d b y a  singl e undivide d network .  Th e 
curren t  stud y use d th e spli t  networ k fo r  al l  trials . 

I n orde r  t o tes t  th e hypothesi s abou t  th e relativ e 
importanc e o f  inhibitor y versu s excitator y connection s 
i n brai n computations ,  anothe r  networ k paramete r  wa s 
varied ,  namely ,  th e percentag e o f  initia l  networ k 
weight s wit h positiv e values .  Recal l  tha t  positiv e 
connectio n weight s represen t  excitator y syn24)ses ,  an d 
negativ e weight s represen t  inhibitor y synapses . 

A pseudo-rando m numbe r  generato r  wa s use d t o 
generat e tw o values ,  a  rea l  numbe r  betwee n 0  an d +2 , 
an d a n intege r  sig n (eithe r  - 1 o r  -fl) .  Thirtee n 
experiment s wer e conducted :  Fo r  eac h connectio n i n 
th e network ,  th e probabilit y  o f  i t  receivin g a n initia l 
positiv e weigh t  wa s 0 % i n on e trial ,  6.25 % th e nex t 
trial ,  an d 12.5% ,  18.75% ,  2 5 % .  31.25% ,  37.5% , 
43.75% .  5 0 % ,  56.25% ,  62.5% ,  68.75% ,  an d 7 5 % i n th e 
twelv e additiona l  trials .  Th e learnin g algorith m wa s 
constructe d t o presen t  input/outpu t  pair s (trainin g 
instances )  repeatedl y unti l  eithe r  (a )  th e su m square d 
erro r  o f  th e networ k dippe d belo w 4.0 ;  o r  (b )  th e tota l 
number  o f  presentation s o f  th e entir e corpu s o f  trainin g 
instance s (on e epoc h =  9  image s x  9  position s =  8 1 
individua l  trainin g instances )  reache d 200 .  Thes e 
number s wer e chose n followin g severa l  pilo t 
experiment s tha t  showe d tha t  a  networ k erro r  o f  abou t 
4. 0 represente d goo d performance .  Th e limi t  t o 20 0 
epoch s w a s a  practica l  decisio n motivate d b y 
limitation s i n computationa l  resources . 

For  thi s project ,  th e basi c mode l  wa s reimplemente d 
usin g th e D Y S N E T simulator .  Specifi c  choice s 
regardin g potentia l  functions ,  learnin g parameters ,  erro r 
measure ,  an d weigh t  updatin g functio n ar e show n i n 
Tabl e 2 .  Not e tha t  thes e choice s ma y o r  ma y no t  reflec t 
thos e o f  th e origina l  mode l  b y Rueck l  e t  a l  [1989 ]  an d 
ar e practically ,  bu t  no t  theoretically ,  important . 

Results 

The results of these experiments are summarized in 

Attribut e 
Networ k Structur e 
Hidde n Layer s 
Uyer  Width s 
Substructure s 
Potentia l  Functio n 
Learnin g Algorith m 
Weigh t  Updatin g 
Erro r  Measur e 
Learnin g Rat e 

Valu e 
Feed Forwar d 
One 
25 X  1 8 X  1 8 unit s 
Splittin g 
Logisti c Functio n 
Generalize d Delu i  Rul e 
QuickPro p Algorith m 
Sum Square d Erro r 
0. 5 +Uni t  Fa n I n 

Referenc e 
(Rumelhar t  an d McQeUand ,  1986 ] 
[Rumelhar t  an d McQeUand ,  1986 ] 
[Rueckl ,  etal. .  1989 ] 
[Rueckl ,  e t  al. ,  1989 ] 
[Rumelhart ,  e t  al. ,  1985 ] 
[Rumelhart .  e t  al. ,  1985 ] 
[Fahlman .  1988 ] 
[Rumelhart .  etal. ,  1985 ] 
[Fahlman ,  1988 ] 

Tabl e 2 :  Computationa l  Feature s o f  th e Mode l 
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Tabl e 3 .  Thes e dat a reflect  th e averag e o f  on e hundre d 
individua l  learnin g experiment s a t  eac h fractio n o f 
initia l  positiv e weights . 

Not e tha t  bot h th e averag e networ k erro r  an d th e 
averag e numbe r  o f  epoch s var y wit h th e fractio n o f 
positiv e initia l  rando m weights ,  reachin g a  nadi r 

Fractio n 
Positiv e 
Weight s 

0.12 5 

0.25 0 

0.37 5 

0.50 0 

0.62 5 

0.75 0 

Mean 
Networ k 
Erro r 

5.29 0 

4.18 3 

4.09 5 

4.27 6 

5.12 8 

7.18 1 

Mean 
Number 
Epoch s 

149.5 1 

111.9 3 

117.4 9 

150.8 7 

181.1 0 

197.1 8 

Probabilit y 
(numbe r  o f 
epochs ) 

5.64 9 
** • 

0.86 9 

6.23 6 

13.12 9 

17.97 7 

Paire d T 
Valu e 

p < 0.000 1 
*• * 

p =  0.382 4 

p < 0.000 1 

p <  0.000 1 

p <  0.000 1 

Tabl e 3 :  Experimenta l  Result s 

between 25% and 37.5%, but increasing as the fraction 
of  initia l  positiv e weight s decrease s belo w o r  increase s 
abov e thi s level .  Th e statistica l  result s compar e th e 
number  o f  epoch s require d t o lear n th e tas k a t  eac h 
startin g configuratio n (i.e. ,  percentag e o f  initia l  positiv e 
weights )  wit h th e m in imu m numbe r  require d whe n 2 5 % 
of  th e initia l  weight s ar e positive .  Th e Studen t  t-tes t 
usin g a  tw o taile d distributio n wa s use d fo r  thi s 
comparison .  W h e n adjuste d fo r  multipl e comparisons ,  i t 
stil l  show s a  significan t  effect :  A  startin g configuratio n 
reflectin g a  preponderanc e o f  negativ e weight s (withi n 
a specifi c  range )  lead s t o faste r  networ k convergenc e 
tha n wit h a  preponderanc e o f  positiv e weights . 

Figur e 2  show s a  graphi c illustratio n o f  on e portio n o f 
th e initia l  configuratio n whe n th e fractio n o f  initia l 
positiv e weight s wa s se t  t o 2 5 % o f  al l  connectio n 

Figur e 2 :  Initia l  Weight s fro m Hidde n 
Laye r  t o Fift h Uni t  o f  Outpu t  Laye r 

weights. In the Figure, white squares represent positive 
value s an d blac k square s represen t  negativ e values .  Th e 
are a o f  th e bo x represents  th e rea l  numbe r  valu e (i n thi s 
example ,  th e larges t  bo x encode s a n absolut e valu e o f 
2.0) .  Th e Figur e illustrate s th e connectio n strength s 
betwee n eac h o f  th e eightee n hidde n unit s an d th e fifth 
uni t  o f  th e outpu t  layer . 

Figure s 3  an d 4  illustrat e graphicall y th e results  o f  th e 
thirtee n experiments .  (Not e tha t  th e standar d error s o f 
th e means ,  whic h ar e no t  show n i n th e Figures ,  ar e 
extremel y small) .  Figur e 3  show s th e averag e min imu m 
networ k erro r  achieve d i n 10 0 separat e learnin g trials , 
when th e startin g configuratio n include d rando m 
connectio n strength s i n whic h th e percentag e o f  positiv e 
and negativ e value s wa s varied .  Th e absciss a o f  thi s 
grap h measure s th e fractio n o f  positiv e initia l  weight s 

and th e ordinat e measure s th e su m square d erro r  o f  th e 
network .  Not e tha t  th e averag e networ k erro r  reache s a 
m i n i m u m wit h a  startin g configuratio n o f  3 7 . 5 % 
excitator y weights ,  an d increasin g o r  decreasin g thi s 
percentag e sharpl y increase s th e tota l  erro r  ( 0 % 
excitatio n i s no t  shown :  th e erro r  exceed s 8) , 

Figur e 4  show s th e averag e numbe r  o f  trial s 
require d t o reac h eithe r  a  networ k erro r  o f  4. 0 o r  a 
tota l  o f  20 0 trials .  Number s clos e t o 20 0 therefor e 
represen t  failur e t o converg e i n 20 0 trials .  A s i n 
Figur e 3 ,  thes e dat a wer e accumulate d fro m 10 0 
separat e learnin g trials ,  wit h a  varie d initia l 
percentag e o f  positiv e an d negativ e connectio n 
weights .  Th e absciss a o f  thi s grap h measure s th e 
fractio n o f  positiv e initia l  weight s an d th e 
ordinat e measure s th e numbe r  o f  trials .  T h e 
m in imu m numbe r  o f  epoch s require d t o lear n th e 
tas k occur s a t  a  startin g configuratio n o f  31 .25 % 
inhibition ,  wit h alteration s i n thi s percentag e 

significantl y impairin g learning .  Analysi s o f  th e final 
networ k demonstrate d a  linea r  correlatio n betwee n th e 
inhibitio n fractio n o f  th e initia l  networ k (befor e 
learning )  an d tha t  o f  th e completel y traine d network . 

Discussion 

The present study demonstrates that an artificial neural 
network ,  designe d t o perfor m a  particula r  task ,  i s 
sensitiv e t o th e initia l  configuratio n o f  positiv e 
(excitatory )  an d negativ e (inhibitory )  connection s 
(synapses) .  T h e particula r  networ k examine d use s 
winner-take-al l  outpu t  representations ,  an d learnin g i s 
considerabl y faste r  w h e n th e structur e o f  th e networ k 
include s 6 0 -  7 5 % inhibitor y connection s tha n w h e n i t 
include s a  greate r  o r  lesse r  proportio n tha n this .  Whil e 
ther e ar e man y intuitiv e analyse s o f  th e importanc e o f 
inhibitio n fo r  brai n computations ,  bot h a t  th e leve l  o f 
individua l  neuron s a s wel l  a s a t  th e leve l  o f  th e 
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organism as a whole, there has not been a similar 
suggestio n fro m computationa l  simulation . 

A comple x se t  o f  event s mus t  occu r  i n a  neuro n fo r  i t 
t o initiat e a n electrica l  signal ,  an d thi s depend s largel y 
on th e architectur e o f  th e individua l  neuro n an d th e 
natur e o f  th e chemica l  signal s i t  receives .  Eac h afferen t 
signa l  (neurona l  input )  ca n b e viewe d a s havin g eithe r 
excitator y (facilitatory )  o r  inhibitor y effect s o n th e 
developmen t  o f  a n actio n potential .  Th e signal s 
constitutin g thes e input s manifes t  a  variet y o f 
interestin g tempora l  an d spatia l  organization s a s wel l  a s 
comple x loca l  interaction s [Koch ,  e t  al. ,  1983] ,  al l  o f 
whic h contribut e t o thei r  ultimat e computationa l 
conclusio n — whethe r  o r  no t  t o initiat e a n actio n 

potential . 
Whil e th e relativ e proportio n o f  inhibitor y an d 

excitator y synapse s i n th e centra l  nervou s syste m i s no t 
known ,  attempt s hav e bee n mad e t o quantif y thes e 
proportion s b y a  variet y o f  methods . 
Immunocytochemica l  analyse s hav e le d t o th e vie w tha t 
gamma-amin o butyri c aci d ( G A B A )  i s th e mos t 
prevalen t  inhibitor y neurotransmitte r  o f  th e centra l 
nervou s syste m [Kande l  an d Schwartz ,  1985] .  Smit h 
[1989 ]  eve n suggest s tha t  G A B A i s th e mos t  widel y 
use d neurotransmitte r  o f  an y kin d i n th e C N S ,  wit h ove r 
4 0 % o f  al l  synapse s usin g G A B A . 

Suppor t  fo r  thi s ide a come s fro m studie s o f  cortica l 
intemeurons ,  whic h sugges t  tha t  mos t  ar e GABAergic . 
Thes e studies ,  summarize d b y Jone s an d Hendr y 
[1986] ,  us e thre e differen t  technique s i n arrivin g a t  th e 
conclusion :  (a )  [ 3 H ] G A B A uptake ;  (b ) 
immunoreactivit y fo r  G A B A ;  o r  (c )  immunoreactivit y 
fo r  glutami c aci d decarboxylas e ( G A D ) . 

I n th e prestriat e visua l  syste m o f  th e macaque ,  th e 
latera l  geniculat e nucleu s contain s significan t 
immunoreactivit y fo r  glutami c aci d decarboxylas e 
( G A D ) ,  a n enzym e require d fo r  G A B A synthesi s [Sha w 

and Cynader ,  1986] .  I n th e opti c tectu m o f  th e frog , 
nearl y on e thir d al l  lecta l  cell s ar e immunoreactiv e fo r 
G A B A.  I n th e striat e corte x o f  th e macaqu e monkey , 
layer s 2,3.4A ,  an d 4 C contai n larg e concentration s o f 
G A BA receptor s (Sha w an d Cynader ,  1986] . 

Physiologica l  stud y ha s le d t o th e notio n o f 
orientatio n selectivit y a s a  fundamenta l  organizin g 
principl e o f  th e visua l  corte x [Hube l  an d Wiesel , 
1962] .  Th e computationa l  implementatio n o f 
orientatio n selectivit y require s tha t  a  ba r  o f  excitatio n 
be surrounde d b y a  massiv e rin g o f  inhibition ,  i n orde r 
t o eliminat e ambiguit y i n th e perceptio n o f  a n edg e i n 
th e desire d orientation .  Thi s computationa l  constrain t 
suggest s tha t  a  larg e numbe r  o f  synapse s ac t 
principall y  i n a n inhibitor y manner . 

Pharmacologica l  evidenc e t o suppor t  thi s postulat e 
comes fro m studie s o f  th e selectiv e G A B A antagonis t 
bicuculline .  Applicatio n o f  bicucuUin e t o orientatio n 
selectiv e nerv e cell s i n th e corte x o f  th e ca t  abolishe s 
thei r  respons e t o th e correctl y oriente d ba r  o f  ligh t 

[Silhto ,  1986] . 
Investigatio n o f  th e ultrastructura l  (anatomical ) 

difference s betwee n tw o type s o f  synapse s ha s le d t o 
differen t  results .  Typ e 1  (roun d asymmetri c o r  R A ) 
synapses ,  whic h ar e frequentl y excitatory ,  hav e 
asymmeu-ica l  densificatio n o f  thei r  pre -  an d post -
synapti c membranes ,  an d ar e associate d wit h roun d 
synapti c vesicles .  Typ e I I  (fla t  symmetri c o r  FS ) 
synapses ,  frequentl y inhibitory ,  hav e symmetrica l 
densificatio n an d hav e flattene d o r  pleomorphi c vesicle s 
[Gray ,  1959 ;  Shepher d an d Koch ,  1990] . 

Beaulie u an d Colonnie r  [1985 ]  studie d th e cat' s visua l 
corte x usin g thes e method s an d conclude d tha t  abou t 
8 4 % o f  th e synapse s ar e o f  th e R A typ e (usuall y 
excitatory )  an d 1 6 % o f  th e F S typ e (usuall y inhibitory) . 
T wo mai n question s remai n i n interpretin g thi s dat a 
(an d othe r  dat a lik e it) :  (1 )  D o thes e R A synapse s 
contai n primaril y a n excitator y neurotransmitter ,  a n 
inhibitor y neurotransmitter ,  o r  both ? (2 )  Wha t  i s th e 
relationshi p betwee n th e numbe r  o f  inhibitor y synapse s 
and th e magnitud e o f  thei r  computationa l  effects ? 
Ultimately ,  w e nee d t o kno w th e exten t  t o whic h 
anatomica l  an d physiologica l  informatio n bear s o n th e 
computationa l  issue s an d vic e versa . 

Ther e i s a n apparen t  discrepanc y betwee n anatomica l 
and physiologica l  dat a regardin g neurona l  processin g i n 
th e primar y visua l  corte x o f  th e cat .  Th e anatomica l 
result s ar e particularl y difficul t  t o interpret ,  sinc e 
knowledg e o f  th e numbe r  o f  synapse s wit h a  particula r 
morphologica l  structur e doe s no t  necessaril y  indicat e 
ho w thes e synapse s ar e use d computationall y i n th e 
actua l  physiologica l  setting .  Combination s o f  excitator y 
and inhibitor y synapse s i n comple x topographica l 
arrangement s lea d t o intricat e loca l  circui t  behavior s 
tha t  ma y no t  correlat e i n an y simpl e wa y wit h thei r 
absolut e numbers .  Fo r  example ,  a  singl e inhibitor y 
synapse ,  appropriatel y placed ,  ca n negat e multipl e 
excitator y stimuli . 
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Conclus io n 

While the integration of ultrastructural, physiological 
and computationa l  dat a ma y requir e th e developmen t  o f 
ne w techniques ,  th e goa l  o f  doin g s o ma y hav e 
importan t  consequence s fo r  th e understandin g o f 
structure/functio n relationships .  Usin g compute r 
modellin g technique s an d abstrac t  representation s o f 
neuron s an d synapses ,  th e presen t  stud y suggest s a 
preeminen t  rol e fo r  inhibitio n i n th e computationa l 
organizatio n o f  th e brain . 

I n th e brain ,  loca l  circui t  organizatio n o f  inhibitor y 
synapses ,  regardles s o f  thei r  absolut e numbers ,  ca n 
hav e a  controllin g effect .  W h e n thes e ar e locate d close r 
t o th e som a tha n th e excitator y synapses ,  the y ca n 
(unde r  certai n circumstances )  totall y negat e th e 
excitator y effect s [Koch ,  e t  al. ,  1983 ;  Shepher d an d 
Brayton ,  1987 ;  Shepher d an d Koch ,  1990] .  Whethe r  o r 
not  thi s computationa l  effec t  bear s o n th e situatio n i n 
th e visua l  corte x i s no t  clear .  However ,  th e 
computationa l  an d physiologica l  dat a sugges t  tha t  th e 
apparen t  preponderanc e o f  (typicall y excitatory )  R A 
synapse s i n thi s are a doe s no t  correlat e wit h a 
preponderanc e o f  overal l  excitator y activit y there . 

The presen t  stud y wa s initiate d i n respons e t o 
speculatio n abou t  th e importanc e o f  inhibitio n i n th e 
physiologica l  functio n o f  th e huma n brai n [Fromm , 
1992] .  Th e modellin g result s demonstrat e a  highl y 
significan t  rol e o f  inhibitio n i n particula r  artificia l 
neura l  network s (containin g sparsel y code d outpu t 
representations )  an d suppor t  th e concep t  o f  inhibitio n a s 
a basi c computationa l  featur e o f  th e brain . 
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