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Networks  of  artificial  neurons  can  leam  to  represent 
complicated  information.  Such  neural  networks  may  provide 

insights  into  the  learning  abilities  of  the  human  brain. 
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T 
he  bI 日 n  ユ Sa    ゑ rk ゑ bIe  山川 Pute ぎ ， ItlLt 日 - 
prets  imprecise  information  from  the  senses 
at  an  incredibly  rapid  rate.  It  discerns  a  whis ﾂ 

per  in  a  noisy  room,  a  face  in  a  dimly  lit  alley  and  a 
hidden  agenda  in  a  political  statement.  Most  im ﾂ 
pressive  of  al1,  the  brain  learns ﾑ without  any  ex ﾂ 
plicit  instructions ﾑ to  create  the  internal  represen ﾂ 
tations  that  make  these  skills  possible. 

Much  is  still  unknown  about  how  the  brain  trains 
itself  to  process  information,  so  theories  abound.  To 
test  these  hypotheses,  my  colleagues  and  I  have 
attempted  to  mimic  the  brain's  learning  processes 
by  creating  networks  of  artificial  neurons.  We  con ﾂ 
struct  these  neural  networks  by  first  trying  to  de ﾂ 
duce  the  essential  features  of  neurons  and  their 
interconnections.  We  then  typically  program  a  com ﾂ 

puter  to  simulate  these  features. 
Because  our  knowledge  of  neurons  is  incomplete 

and  our  computing  power  is  limited,  our  models  are 
necessarily  gross  idealizations  of  real  networks  of 
neurons  (see  Figure  10.1).  Naturally,  we  enthusias ﾂ 

tically  debate  what  features  are  most  essential  in 
simulating  neurons.  By  testing  these  features  in  arti ﾂ 

ficial  neural  networks,  we  have  been  successful  at 

ruling  out  all  kinds  of  theories  about  how  the  brain 
processes  information.  The  models  are  also  begin ﾂ 
ning  to  reveal  how  the  brain  may  accomplish  its 
remarkable  feats  of  learning. 

1n  the  human  brain,  a  typical  neuron  collects  sig ﾂ 

nals  from  others  through  a  host  of  fine  structures 
called  dendrites.  The  neuron  sends  out  spikes  of 
electrical  activity  through  a  long,  thin  strand  known 
as  an  axon,  which  splits  into  thousands  of  branches. 
At  the  end  of  each  branch,  a  structure  called  a  syn ﾂ 
apse  converts  the  activity  from  the  axon  into  electri ﾂ 
cal  effects  that  inhibit  or  exdte  activity  in  the  con ﾂ 
nected  neurons.  When  a  neuron  receives  excitatory 
input  that  is  sufficiently  large  compared  with  its 
inhibitory  input,  it  sends  a  spike  of  electrical  activity 
down  its  axon.  Learning  occurs  by  changing  the 
effectiveness  of  the  synapses  so  that  the  influence 
of  one  neuron  on  another  changes. 

Artificial  neural  networks  are  typically  composed 
of  interconnected  "units,"  which  serve  as  model 
neurons.  The  function  of  the  synapse  is  modeled  by 
a  modifiable  weight,  which  is  associated  with  each 
connection.  Most  artificial  networks  do  not  reflect 
the  detailed  geometry  of  the  dendrites  and  axons, 
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and  they  express  the  electrical  output  of  a  neuron  as 
a  single  number  that  represents  the  rate  of  firing ﾑ 
its  activity. 

Each  unit  converts  the  pattern  of  incoming  activi ﾂ 

ties  that  it  receives  into  a  single  outgoing  activity 
that  it  broadcasts  to  other  units.  It  performs  this 
conversion  in  two  stages.  First,  it  multiplies  each 
incoming  activity  by  the  weight  on  the  connection 
and  adds  together  all  these  weighted  inputs  to  get  a 
quantity  called  the  total  input.  Second,  a  unit  uses 
an  input-0utput  function  that  transforms  the  total 
input  into  the  outgoing  activity  (see  Figure  10.2). 

The  behavior  of  an  artificial  neural  network  de ﾂ 
pends  on  both  the  weights  and  the  input-0utput 
function  that  is  specified  for  the  units.  This  function 
typically  falls  into  one  of  three  categories:  linear, 
threshold  or  sigmoid.  For  linear  units,  the  output 
activity  is  proportional  to  the  total  weighted  input. 
For  threshold  units,  the  output  is  set  at  one  of  two 
levels,  depending  on  whether  the  total  input  is 
greater  than  or  less  than  some  threshold  value.  For 
sigmoid  units,  the  output  varies  continuously  but 
not  linearly  as  the  input  changes.  Sigmoid  units 
bear  a  greater  resemblance  to  real  neurons  than  do 
linear  or  threshold  units,  but  all  three  must  be  con ﾂ 
sidered  rough  approximations. 

To  make  a  neural  network  that  performs  some 
specific  task,  we  must  choose  how  the  units  are 
connected  to  one  another,  and  we  must  set  the 
weights  on  the  connections  appropriately.  The  con ﾂ 
nections  determine  whether  it  is  possible  for  one 
unit  to  influence  another.  The  weights  specify  the 
strength  of  the  influence   

The  most  common  type  of  artificial  neural  net- 
work  consists  of  three  groups,  or  layers,  of  units:  a 
layer  of  input  units  is  connected  to  a  layer  of  "hid- 
den"  units,  which  is  connected  to  a  layer  of  output 
units  (see  Figure  10.3).  The  activity  of  the  input 
units  represents  the  raw  information  that  is  fed  into 
the  network.  The  activity  of  each  hidden  unit  is 
determined  by  the  activities  of  the  input  units  and 
the  weights  on  the  connections  between  the  input 
and  hidden  units.  Similarly,  the  behavior  of  the 
output  units  depends  on  the  activity  of  the  hidden 
units  and  the  weights  between  the  hidden  and  out- 
put  units. 

This  simple  type  of  network  is  interesting  be- 
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Will  simulations  of  such  networks  reveal  the  underlying 
mechanisms  of  learning? 

cause  the  hidden  unite  are  free  to  construct  their 
own  representations  of  the  input.  The  weights  be ﾂ 
tween  the  input  and  hidden  units  determine  when 
each  hidden  unit  is  active,  and  so  by  modifying 
these  weights,  a  hidden  unit  can  choose  what  it 
represents, 

We  can  teach  a  three-1ayer  network  to  perform  a 
particular  task  by  using  the  following  procedure. 
First,  we  present  the  network  with  training  exam- 
pies,  which  consist  of  a  pattern  of  activities  for  the 
input  units  together  with  the  desired  pattern  of  ac ﾂ 
tivities  for  the  output  units.  We  then  determine  how 
closely  the  actual  output  of  the  network  matches  the 
desired  output.  Next  we  change  the  weight  of  each 
connection  so  that  the  network  produces  a  better 
approximation  of  the  desired  output. 

For  example,  suppose  we  want  a  network  to  rec ﾂ 

ognize  handwritten  digits  (see  boxed  Figure  "How  a 
Neural  Network  Represents  Handwritten  Digits"). 
We  might  use  an  array  of,  say  256  sensors,  each 
recording  the  presence  or  absence  of  ink  in  a  small 
area  of  a  single  digit.  The  network  would  therefore 
need  256  input  units  (one  for  each  sensor),  10  out- 
put  units  (one  for  each  kind  of  digit)  and  a  number 
of  hidden  units.  For  each  kind  of  digit  recorded  by 
the  sensors,  the  network  should  produce  high  activ- 
ity  in  the  appropriate  output  unit  and  low  activity  in 
the  other  output  units   

To  train  the  network,  we  present  an  image  of  a 
digit  and  compare  the  actual  activity  of  the  10  out- 
put  units  with  the  desired  activity.  We  then  calcu ﾂ 
late  the  error,  which  is  defined  as  the  square  of  the 
difference  between  the  actual  and  the  desired  activi ﾂ 
ties.  Next  we  change  the  weight  of  each  connection 
so  as  to  reduce  the  error.  We  repeat  this  training 
process  for  many  different  images  of  each  kind  of 
digit  until  the  network  classifies  every  image 
correctly. 

To  implement  this  procedure,  we  need  to  change 
each  weight  by  an  amount  that  is  proportional  to 
the  rate  at  which  the  error  changes  as  the  weight  is 
changed.  This  quantity ﾑ called  the  error  derivative 
for  the  weight,  or  simply  the  EW ﾑ is  tricky  to  com- 
pute  efficiently.  One  way  to  calculate  the  EW  is  to 
perturb  a  weight  slightly  and  observe  how  the  error 
changes.  But  that  method  is  inefficient  because  it 
requires  a  separate  perturbation  for  each  of  the 
many  weights. 

Around  1974  Paul  J.  Werbos  invented  a  much 
more  efficient  procedure  for  calculating  the  EW 
while  he  was  working  toward  a  doctorate  at  Har ﾂ 
vard  University.  The  procedure,  now  known  as  the 






















