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ABSTRACT 

The Baci c Propagatio n algorith m o f  Rumelhart ,  Hinton ,  an d William s (1986 ) 
i s a  powerfu l  learnin g techniqu e whic h ca n adjus t  weight s i n connectionis t 
network s compose d o f  multipl e layer s o f  perceptron-lik e units .  Thi s pape r 
describe s a  variatio n o f  thi s techniqu e whic h i s applie d to  network s wit h con -
straine d multiplicativ e connections .  Instea d o f  learnin g th e weight s to  com -
put e a  singl e function ,  i t  learn s th e weight s fo r  a  networ k whos e output s ar e 
th e weight s fo r  a  networ k whic h ca n the n comput e multipl e functions . 

The techniqu e i s elucidate d b y example ,  an d the n extende d int o th e real m 
of  sequenc e learning ,  a s prelud e to  wor k o n connectionis t  inductio n o f 
grammars .  Finally ,  a  hos t  o f  issue s regardin g thi s for m o f  computatio n ar e 
raised . 

1. Introduction 

Most  "Connectionist "  (Feldma n &  Ballard ,  1982 )  o r  "Paralle l  Distribute d 
Processing "  (Rumelhar t  et .  al. ,  1986b )  model s us e fixed-structure  networks ,  i n 
whic h th e weight s ar e se t  programmaticall y o r  ar e adjuste d slowl y b y som e 
iterativ e learnin g algorithm .  Th e resultan t  network s ar e essentiall y  "hard-wired " 
special-purpos e computer s tha t  perfor m som e application ,  lik e a  10-cit y travel -
in g Salesma n proble m (Hopfiel d &  Tank ,  1985) ,  past̂ tens e ver b conjugatio n 
(Rumelhar t  &  McClelland ,  1986) ,  text̂ to-speec h processin g (Sejnowsk i  & 
Rosenberg ,  1986) ,  o r  context-fre e parsin g o f  bounded-lengt h sentence s (Fanty , 
1985 ;  Selman ,  1985) .  Thi s las t  applicatio n i s particularl y disturbin g becaus e a 
bounded-lengt h context-fre e gramma r  i s simpl y a  regula r  grammar ,  recogniz -
abl e b y a  simpl e finite-state  machine .  I f  connectionis m entail s a  retur n t o pre -
Chomskia n theorie s o f  linguisti c capabilities ,  the n i t  wil l  b e i n trouble . 

One o f  th e majo r  difference s betwee n ou r  wor k i n connectionis t  languag e 
processin g (Pollac k &  Waltz ,  1982 ;  Walt z &  Pollack ,  1985 )  an d other s (Cottrell , 
1985 ;  Fanty ,  1985 ;  Selman ,  1985 )  i s ou r  us e o f  dynamicall y changin g networ k 
structure ,  i.e. ,  weight s tha t  ar e modifie d durin g a  computation .  Variou s 
researcher s hav e see n th e nee d fo r  dynami c connections ,  includin g (Feldman , 
1982 )  an d (McClelland ,  1985) ,  bu t  th e resultin g system s ar e ver y difficul t  t o 
manage.  I n th e mos t  unconstraine d cas e o f  a  syste m usin g multiplicativ e con -
nections ,  eac h weigh t  i n a  syste m o f  n  node s ca n b e a  functio n o f  th e activitie s 
of  al l  n  nodes ,  leadin g t o a  syste m wit h n ^  "parameters "  instea d o f  n^ . 

But  withou t  som e for m o f  dynami c connection s th e generativ e capacit y o f 
connectionis t  model s i s suspect .  I n th e past ,  w e hav e use d "normal "  compute r 
program s suc h a s a  char t  parse r  (Kay ,  1973 )  t o dynamicall y connec t  ou r  net ^ 
work .  Thi s pape r  outline s step s toward s a  bette r  way . 

A modifie d for m o f  back-propagatio n i s applie d t o network s wit h con -
straine d structure s o f  multiplicativ e connection s an d feedbac k t o buil d system s 
capabl e o f  learnin g t o sequentiall y  proces s inputs .  Usin g multiplicativ e connec -
tion s allow s al l  weight s i n th e syste m t o b e dynamicall y modifie d fo r  eac h input . 

The technique ,  calle d Cascade d Back-Propagation ,  i s  introduce d b y com -
pariso n t o norma l  back-propagatio n o n feed-forwar d networks . 
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2.  Back-Propagatio n 

The basi c for m o f  th e (Rumelhar t  et .  al. ,  1986a )  learnin g algorith m i s a s 
follows .  A  non-iterativ e feed-forwar d networ k o f  severa l  layers ,  compute s 
input/outpu t  relationship s usin g a  continuou s versio n o f  a  perceptron . 

Eac h uni t  i  ha s a n outpu t  bounde d betwee n 0  an d 1 .  Thi s bounde d outpu t 
i s compute d b y "squashing "  it s input ,  x ,  ( a linea r  combinatio n o f  weight s an d 
othe r  outputs )  wit h th e sigmoi d function : 

r(x) = —i 

which has a derivative (after some algebra) of: 

r ' ( x )=r (x ) ( i - r (x ) ) 

Figur e 1 : 
A simpl e feed-forwar d network .  Eac h laye r  i s completel y connecte d t o th e next .  Th e 

weights ,  therefore ,  ar e representabl e b y rectangula r  arrays . 

For a simple layered network as shown in Figure 1, this feed-forward computa-
tio n i s a s follows : 

Where a,- is the set of inputs, H-^ are the outputs of the hidden units, and 
^ t  ar e th e outputs .  Back-propagatio n i s give n a  se t  o f  case s consistin g o f 
matche d pair s o f  inpu t  an d desire d outpu t  vectors .  Th e overall_error ,  E ,  ca n b e 
compute d a s th e distanc e betwee n al l  desire d outpu t  vector s D ^  an d th e actua l 
outpu t  vector s compute d b y th e forward-pass ,  ̂ '̂ . 

c k 

The backward pass works by distributing this error to all the weights in the 
system .  Fo r  a  particula r  input/outpu t  case ,  c ,  thi s computatio n i s a s follows : 
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A nd b y summin g th e weigh t  error s ove r  al l  case s an d updatin g eac h weigh t  b y a 
fractio n o f  it s  error ,  // ,  plu s a  fraction ,  a ,  o f  it s  previou s error ,  AVK ,  th e algo -
rith m ca n find a  se t  o f  weight s b y gradien t  descent : 

W'=W-n^^a^W 
o W 

A M ^ = - M 
d E 

d W 

A coupl e o f  detail s complet e th e algorithm .  First ,  initia l  weight s nee d t o 
be chosen ;  i f  al l  weight s ar e initiall y  0 ,  ther e i s n o wa y fo r  th e syste m t o allo -
cat e error ,  s o usuall y weight s ar e chose n a s ver y smal l  rando m numbers ,  say , 
betwee n ±0.5 .  Secondly ,  th e networ k need s t o b e "grounded "  b y addin g a 
"bias "  t o eac h hidde n an d outpu t  unit .  Thi s amount s t o addin g anothe r  inpu t 
uni t  whos e outpu t  i s alway s 1 ;  th e adjustmen t  o f  th e biase s the n co-occur s wit h 
adjustmen t  o f  al l  th e othe r  weight s i n th e system . 

Figur e 2 : 
A simpl e feedforwar d networ k fo r  th e exclusive-o r  problem .  Instea d o f  puttin g biase s 

insid e th e circles ,  the y ar e show n a s link s fro m a  uni t  wit h a n outpu t  o f  1 . 

The simplest test of the algorithm is to learn to compute "Exclusive-or", a 
functio n whic h canno t  b e learne d i n a  singl e laye r  o f  perceptrons .  Figur e 2 
shows a  standar d feedforwar d networ k o n whic h thi s algorith m i s capabl e o f 
learnin g X O R .  Usin g /i=0. 5 an d a = 0 . 9 ,  bac k propagatio n ca n fin d thes e 
weight s usuall y i n a  on e t o tw o hundre d iterations . 
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3.  Cascade d Network s 

OUTPUT 

CONTEXT 

FUNCTION 

Figur e 3 : 
Cascade d network .  A  contex t  networ k wit h fixed  weight s run s first  an d set s variabl e 

weight s o n tli e functio n network . 

Instead of learning a fixed set of weights for one group of input^output 
relationships ,  on e networ k i s use d t o comput e s o m e inputroutpu t  functio n (th e 
"functio n network") ,  an d anothe r  networ k (th e "contex t  network" )  i s  use d t o 
comput e th e weight s fo r  th e functio n networ k (figur e 3 ) .  B y varyin g th e input s 
t o th e contex t  network ,  th e functio n networ k ca n b e use d t o comput e variou s 
functions . 

The forward-pas s consist s o f  a  forwar d pas s o n th e contex t  network ,  whic h 
set s th e weight s o n th e functio n network ,  the n a  forwar d pas s o n th e functio n 
network : 

^,=r(M^,-X) 

r,=r(H/,,-^/) 

Where C;,y and Q/y represent the fixed weights of the context network, 
Wif  an d Wi. 1 ar e th e varyin g weight s o f  th e functio n network ,  T j  ar e th e input s 
t o th e contex t  network ,  ̂ -  ar e th e input s t o th e functio n network ,  ffi  ar e th e 
output s o f  th e hidde n layer ,  an d î ^  ar e th e output s o f  th e functio n network . 

The backwar d pas s consist s o f  computin g th e error s fo r  th e variabl e 
weight s o f  th e functio n network ,  an d the n usin g the m t o comput e th e error s 
fo r  th e fixed  weights : 
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3.1 .  Exclusive-o r  P r o U e m 

Thi s approac h ca n buil d network s whic h run s multipl e function s ove r  th e 
same se t  o f  units .  T o comput e th e exclusive-o r  function ,  fo r  example ,  thi s 
amount s t o learnin g th e tw o functions : 

{y if x = 0 

^ y i f  x ^ l 

Figur e 4 : 

Cascade d networ k fo r  th e X O R problem .  Jli e functio n networ k act s a s eitlie r  a n invert -

er  o r  non-invertin g buffe r  dependin g o n th e contex t  bit . 

Figure 4 shows the cascaded network for the XOR problem. This network 
need s t o lear n onl y 4  weight s instea d o f  7 ,  and ,  wit h th e learnin g parameter s 
/i  =  0. 5 an d a = 0 . 9 ,  cascade d bac k propagatio n onl y need s abou t  3 0 cycle s t o 
lear n exclusive-or . 
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Figur e 5 : 

Typica l  learnin g curve s fo r  norma l  versu s cascade d X O R network .  Th e horizonta l  axi s 
represent s tim e a s iteration s o f  erro r  propagation ,  an d th e vertica l  represent s th e globa l 
error ,  E ,  ove r  al l  4  îs t  cases .  Th e algoritiim s hal t  whe n al l  output s ar e withi n . 2 o f 
Uiei r  desire d values . 

Figure 5 shows the learning curves for typical runs of back-propagation and 
cascade d back-propagatio n fo r  th e exclusive-o r  networks .  Th e numbe r  o f  itera -
tion s i s represente d alon g th e horizonta l  axi s an d th e globa l  error ,  E ,  i s 
represente d o n th e vertical . 

3.2. The 4-1 Multiplexor 

DATA 

OUTPUT 

OUTPUT 

/ ^  > ^ 

taoKs s 

FIHC11 » CONTEXT 
NETMOnK NETHOnK 

AOORESS 

Figur e 6 : 
Thre e version s o f  a  4- i  multiplexor .  Firs t  i s Ui e standar d bloc k diagra m use d fo r  logi c design ; 
next  i s a  6-4- 1 layere d network ;  an d finally ,  a  cascade d network . 

Another example is a 4-to-l multiplexor. A classic logical functional unit 
use d i n compute r  design ,  i t  ca n b e though t  o f  a s a  programmabl e 2- 1 logi c 
function .  Figur e 6  show s thre e view s o f  a  multiplexor .  On e o f  th e 4  "data " 
line s i s selecte d b y th e value s o n th e 2  addres s lines .  I n a  norma l  feed-forwar d 
network ,  ther e i s n o distinctio n betwee n thes e si x inputs ,  an d 4  hidde n unit s 
ar e neede d t o lear n al l  6 4 input/outpu t  cases .  Th e cascade d network ,  com -
pose d o f  a  single-laye r  4- 7 networ k connecte d t o th e standar d X O R network , 
essentiall y  learn s 5  interactin g set s o f  7  weights ,  whic h produc e 1 6 differen t 
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sets ,  on e fo r  eac h logi c function . 
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Typica l  learnin g curve s fo r  run s o f  norma l  versu s cascade d back-propagatio n o n th e 
multiplexo r  problem . 

In general, the cascaded solution for the multiplexor problem converges 
much quicke r  tha n th e feed-forwar d solution .  Figur e 7  show s typica l  behavio r 
fo r  bot h solution s wit h /i=0. 5 an d a=0 .9 . 

4. Sequential Cascaded Networks 

W h en th e output s o f  th e functio n networ k ar e use d a s input s t o contex t 
network ,  a  syste m ca n b e learne d whic h sequentiall y  processe s input s b y 
dynamicall y changin g th e weight s i n th e functio n networ k afte r  eac h input .  I n 
parsin g terms ,  i t  coul d b e sai d tha t  eac h wor d i s processe d i n th e contex t  o f  al l 
th e precedin g words .  A n d althoug h th e numbe r  o f  possibl e intermediat e state s 
are ,  o f  course ,  finite,^  thi s syste m ca n lear n grammar s whic h ar e bounde d i n 
depth ,  bu t  unbounde d i n length .  Th e intermediat e state s mus t  encod e variou s 
up/dow n counters .  Figur e 8  show s a  bloc k diagra m o f  a  simpl e sequentia l  cas -
cade d network .  Give n a n initia l  context ,  ?y(0) ,  an d a  sequenc e o f  inputs , 
Xi{t),t^l...n ,  th e networ k ca n comput e a  sequenc e o f  functio n output/contex t 
inpu t  vectors ,  T{t),t^l... n b y dynamicall y changin g th e se t  o f  weights , 

1.  Unles s i t  i s  assum e tha t  th e output s ar e tru e analo g value s o r  rationa l  numbers . 
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CONTEXT 

OUTPUT 

FUNCTION 

Figur e 8 : 

77j e output s o f  tli e functio n networ k ar e use d a s th e nex t  input s t o th e contex t  network , 

yieldin g a  syste m whos e functio n varie s ove r  time . 

W,it)=C,jf^{t-l) 

^/(0=r(M^,.(0-X(0) 

The error correction phase can be applied to just the final input: 
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wher e D j  i s th e desire d outpu t  fo r  a  particula r  sequence . 

4.1. Learning Parity 

W h en Exclusive-o r  i s generalize d t o mor e tha n 2  inputs ,  i t  become s th e 
parit y problem ,  t o determin e whethe r  a  boolea n strin g ha s a n od d o r  eve n 
number  o f  I' s  i n it .  Thi s proble m wa s discusse d a t  length ,  bot h b y (Minsk y & 
Papert ,  1969) ,  a s a  har d proble m fo r  perceptron s an d b y (Rumelhar t  et .  al. , 
1986a )  a s a  tes t  cas e fo r  back-propagation . 

1 

Figur e 9 :  ^ 
A simpl e 2-slal e machin e i s show n o n th e left ,  an d a  sequentia l  cascade d networ k i s 
shown o n th e right . 

A problem for normal back-propagation is that the parity problem of size 
K require s K  hidde n unit s t o work ,  s o a  syste m whic h learne d t o determin e 
parit y o f  5  bit s woul d no t  wor k fo r  6 .  Thi s proble m ca n b e overcom e b y 
"goin g sequential" ,  usin g th e cascade d exclusive-o r  networ k wit h feedbac k 
betwee n th e outpu t  o f  th e functio n networ k an d th e inpu t  t o th e contex t  net r 
work .  Thi s network ,  an d th e correspondin g smal l  finite-state  machin e ar e 
shown i n figure  9 . 

One proble m wit h th e cascade d networ k approac h i s tha t  i f  th e syste m i s 
traine d t o withi n . 2 o f  th e solutio n fo r  eac h trainin g case ,  th e weight s "fuz z 
out "  fo r  longe r  test s tha n th e one s given .  Ther e ar e severa l  solution s t o this . 
The simples t  on e i s t o pu t  a  truncatin g filter  betwee n th e functio n outpu t  an d 
contex t  inpu t  whic h convert s output s abov e 0. 8 t o 1  an d belo w 0. 2 t o 0 .  Othe r 
possibl e solution s includ e mor e complicate d filters  suc h a s a n auto-associativ e 

399 



m e m o ry o r  othe r  relaxatio n syste m whic h correct s fuzz y states. . 

4.2. Parenthesis Balancing 

Unfortunately ,  parit y i s ver y unnatural  an d extremel y finit e stat e 
"language" .  A  rea l  solutio n t o a  tempora l  credi t  assignmen t  proble m wit h 
applicatio n t o languag e processin g i s no t  serve d b y learnin g suc h finite  system s 
as parit y o r  eve n 6-lette r  sequenc e completio n a s use d b y (Rumelhar t  et .  al. , 
1986a )  t o demonstrat e recurren t  networks . 

A connectionis t  networ k a t  leas t  shoul d b e abl e t o lear n a  context-fre e 
languag e fro m exampl e i n orde r  t o clai m an y servic e t o languag e processing . 
Accordingly ,  experiment s hav e bee n performe d i n learnin g th e secon d simples t 
contextrfre e languag e k n o w n t o m a n :  Parenthesi s balancing. -  W e hav e success -
full y use d a  sequentia l  cascade d networ k fo r  parenthesi s balancin g consistin g o f 
of  a  layere d 1-3- 2 functio n networ k an d a  2-1 4 contex t  net .  Th e inpu t  i s eithe r 
1 o r  0  fo r  lef t  an d right  parenthese s an d on e outpu t  signifie s grammaticaiit y o f 
th e prefi x an d th e othe r  work s a s a  stack ,  b y shiftin g output s fro m 1  t o . 5 t o .2 5 
as mor e lef t  parenthese s ar e input . 

4.3. Other grammars 

CONTEXT 

(a )  ®  © 
Figur e 10 : 

A sequentia l  cascade d networ k fo r  parsing .  Th e curren t  stat e i s tie d bac k int o th e con -
text/o r  Ui e nex t  input ,  an d th e unlabele d unit s woul d develo p necessar y features . 

Usin g a  sequentia l  cascade d networ k engender s a  time-distribute d 
representatio n o f  a  parse-tree .  Fo r  exampl e i f  a  networ k wer e use d a s show n i n 
figure  10 ,  wit h lexica l  categorie s fo r  inpu t  an d phras e marker s fo r  outpu t  an d 
context ,  a  syste m coul d b e develope d that ,  fo r  a  simpl e declarativ e sentenc e 
lik e "Th e fa t  m a n at e th e spaghett i  Vit h sauce" ,  coul d hav e time-varyin g out -
put s whic h implicitl y  cod e it s pars e tree . 

The followin g tabl e show s th e output s o f  th e phrase-marke r  unit s ove r 
time .  Eac h contiguou s grou p o f  " o n "  state s coul d b e interprete d a s a  singl e 
nod e o f  a  tree ,  wit h interval-inclusio n determinin g dominance . 

2.  Th e simples t  contex t  fre e gramma r  i s describe d b y th e regula r  expressio n a "  6  " . 
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Ther e ar e severa l  problem s wit h thi s representation ,  th e mai n on e bein g 
tha t  self-recursiv e categorie s ar e no t  recoverable .  O n e possibilit y  whic h i s 
currentl y bein g examine d i s th e combinatio n o f  thi s learnin g techniqu e wit h th e 
representationa l  assumptio n tha t  output s ca n hav e arbitrar y fractiona l  resolutio n 
use d a s stack .  Experimentatio n wit h representin g an d learnin g large r  grammar s 
of  thi s typ e ha s jus t  begun ;  clearl y mor e wor k nee d b e done." ^ 

5. Discussion 

Cascade d network s d o no t  solv e everything ,  unfortunately .  The y ar e basi -
call y a  ver y constraine d typ e o f  networ k wit h multiplicativ e Jinks .  Thi s algo -
rithm ,  bein g a  variatio n o f  back-propagation ,  doe s no t  solv e it s inheren t  prob -
lems .  Fo r  example ,  i t  ca n stil l  ge t  stuc k i n loca l  minima ,  an d th e exac t  topol -
ogy neede d t o solv e a  particula r  proble m mus t  b e define d beforehand . 

But  th e combinatio n o f  faste r  convergenc e an d th e computationa l  powe r 
engendere d b y multiplicativ e connection s mak e cascade d back-propagatio n a 
usefu l  techniqu e fo r  connectionis t  modelin g an d worth y o f  furthe r  study .  S o m e 
issue s fo r  furthe r  discussio n ar e presente d below . 

5.1. Why is it Faster? 

For  bot h th e exclusive-o r  an d multiplexo r  problem s give n above ,  a s wel l 
as variou s othe r  problem s w e hav e experimente d with ,  cascade d back -
propagatio n converge s o n solution s significantl y faste r  tha n norma l  back -
propagation .  W e thin k thi s i s due ,  essentially ,  t o th e well-know n algorithmi c 
techniqu e o f  "divide-and-conquer" .  B y breakin g th e solutio n t o exclusive-o r 
int o tw o simple r  problem s (i.e .  a n invertin g an d non-invertin g buffer )  o r  th e 
multiplexo r  int o 1 6 smalle r  problem s (i.e .  eac h 2- 1 boolea n function) ,  w e 
reduc e th e amoun t  o f  wor k involve d tremendously . 

Conside r  runnin g norma l  back-propagatio n multipl e times ,  onc e fo r  eac h 
simpl e proble m o n th e functio n net ,  savin g th e discovere d weights ,  an d the n 
onc e fo r  mappin g th e contex t  input s t o t o thes e weights .  I f  bot h net s ar e capa -
bl e o f  learnin g thei r  functions ,  the n thi s schem e wil l  work ,  an d th e numbe r  o f 
iteration s neede d wil l  b e th e s u m o f  al l  th e smalle r  cases . 

But  whe n w e lear n al l  thes e subproblem s a t  th e sam e time ,  th e numbe r  o f 
iteration s wil l  b e relate d t o th e hardes t  subproble m t o learn .  Thu s fo r  th e 
exclusive-o r  problem ,  th e numbe r  o f  iteration s w e nee d i s relate d t o ho w har d 
i t  i s  t o lear n t o inver t  (i.e .  eve n a  perceptro n ca n d o this) ,  an d fo r  th e multi -
plexo r  proble m th e numbe r  o f  iteration s neede d wil l  b e relate d t o ho w har d i t 
i s  t o lear n norma l  exclusive-o r  o r  equivalence . 

Furthermore ,  a  particula r  solutio n t o a  subproble m foun d b y back -
propagatio n i s a  discret e poin t  i n "weigh t  space" ,  somewher e alon g th e edg e o f 
a regio n o f  goo d solutions .  Runnin g al l  subproblem s first  make s th e contex t 
mappin g proble m mor e diflScul t  b y addin g thi s unnecessar y edg e constraint ; 
mergin g th e subproblem s an d mappin g proble m remove s thi s constrain t  an d 

3.  On e learnin g tria l  ma y b e considere d a  success ,  however :  We inadvertenti y use d a 
trainin g se t  wit h a  simpl e principl e o f  grammaticalit y ~  th e syste m discovere d tha t  al l 
grammatica l  sentence s wer e o f  lengt h 0mo</3 ! 
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allow s eac h subproble m solutio n t o b e anywher e i n it s region . 

5.2. Relation to SigmarPi Units 

William s (1986 )  ha s classifie d variou s activatio n function s fo r  connectionis t 
models .  Th e ultimat e functio n fo r  combinin g input s t o a  uni t  ar e calle d 
"Sigma-Pi "  functions ,  whic h linearl y combine d multiplie d subset s o f  inputs . 
So fo r  n  inputs ,  Zj ,  .  .  .  ,a:„ ,  a  uni t  wit h j  weight s m a y provid e a s output : 

SjeP ies, 

Where P is the set of all subsets of {l,...,n}. This is the ultimate in com-
binin g function s becaus e w h e n y = 2 "  a  singl e uni t  ca n implemen t  a  genera l 
polynomial .  Th e d o w n sid e i s tha t  havin g 2 "  weight s associate d wit h a  singl e 
uni t  i s  th e combinatoria l  bru t  existan t 

A s fa r  a s classification ,  however ,  almos t  an y multiplicativ e connectio n sys -
te m i s a  specia l  cas e o f  Sigma-Pi .  Fo r  example ,  th e gatin g activatio n functio n 

describe d b y (Hinton ,  1981 )  use s j = — weights ,  wher e n  input s ar e separate d 

into — pairs which are multiplied and combined. A cascaded network can be 

als o see n a s a  specia l  case ,  wher e th e n  input s ar e broke n int o 2  set s whos e ele -

ments are multipled in pairs with j= weights. 
4 

5.3. Single-layered Context Networks 

I n th e example s give n i n th e paper ,  single-layere d contex t  network s wer e 
used .  Thi s constructio n wil l  wor k onl y i f  th e goo d region s i n weigh t  spac e fo r 
eac h subproble m ca n b e linearl y compose d wit h respec t  t o th e contex t  inputs . 
Tha t  a  single-laye r  contex t  work s wit h th e exclusive-o r  proble m i s obvious ;  tha t 
i t  worke d fo r  th e multiplexo r  i s surprising .  Fo r  harde r  problems ,  i t  m a y tur n 
ou t  tha t  mor e hidde n unit s ar e neede d i n th e functio n networ k t o provid e th e 
flexibility  fo r  thi s kin d o f  contex t  network .  O n th e othe r  hand ,  i f  back -
propagatio n works ,  ther e i s n o constrain t  tha t  th e contex t  networ k ha s t o b e 
single-layered . 

6. Conclusion: A Universal Neural Network? 

Conside r  th e notio n o f  a  Universal  Turin g Machine .  A  ver y simpl e con -
structio n which ,  w h e n presente d wit h a  descriptio n o f  an y othe r  Turin g 
Machin e an d it s initia l  state ,  run s a  simulatio n o f  tha t  T M t o completion .  Thi s 
i s simila r  t o a  virtua l  machin e emulato r  o r  programmin g languag e interprete r 
runnin g o n a  norma l  computer .  On e differenc e i s tha t  becaus e o f  th e random -
acces s propert y o f  a  compute r  versu s th e seria l  tap e acces s o f  a  U T M ,  th e nor -
mal  compute r  run s simulation s m u c h faster .  Fo r  eac h simulate d operatio n o f 
th e T M ,  th e U T M m a y hav e t o ste p fro m on e en d o f  it s  tap e t o th e other .  Fo r 
a progra m an d tap e o f  siz e n  thi s amount s t o abou t  a n n^ ,  o r  po/i/nomta/simula -
tio n time .  A  programme d interpreter ,  o n th e othe r  hand ,  ha s t o loo k u p a n 
operatio n i n a  tabl e an d cal l  a  simpl e routin e whic h update s th e stat e o f  th e 
interprete d system .  Assumin g eac h simulate d operatio n takes,abou t  k  machin e 
instructions ,  the n th e simulatio n take s /:n ,  o r  linea r  time .  Thi s efficienc y 
advantag e i s w h y n o moder n computer s ar e buil t  lik e Turin g machines . 

Consider ,  finally,  a n extende d cascade d networ k wher e th e contex t  net -
wor k i s presente d a  descriptio n o f  a  machin e an d produce s th e se t  o f  weight s 
fo r  th e functio n network .  Th e functio n networ k ca n the n ru n a t  ful l  "neura l 
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speed" .  I f  th e contex t  networ k take s a  constan t  time ,  k ,  t o d o it s computation , 
the n thi s simulatio n run s i n k-{-n ,  o r  coristan t  time . 

The poin t  o f  al l  thi s i s t o solv e a  conundru m fo r  connectionists :  W h e n 
attemptin g t o mode l  a  high-leve l  cognitiv e domai n on e quickl y realize s th e foll y 
of  equatin g a  neuro n wit h a n elemen t  o f  tha t  domain .  Neuron s ar e arraye d i n a 
fixed  network ,  an d onl y di e a s tim e goe s by .  I f  th e m e m o r y o f  you r  grand -
mothe r  wer e localize d t o a  singl e neuron ,  an d tha t  neuro n failed ,  yo u woul d 
forge t  her . 

One backu p positio n (whic h thi s autho r  ha s resorte d t o occasionally )  i s 
somethin g lik e th e following :  Th e unit s i n m y syste m ar e no t  reall y neurons , 
but  a  element s o f  a  highe r  leve l  syste m whic h ar e s o m e h o w simulate d b y neu -
rons .  Th e proble m fo r  thi s positio n ha s bee n tha t  simulatio n take s time ,  an d 
give n th e finite  numbe r  o f  cycle s availabl e fo r  "real-time "  cognition ,  i.e .  10 -
100 cycles ,  ther e isn' t  an y tim e fo r  th e simulatio n t o tak e place . 

I f  a  universa l  neura l  networ k coul d reall y ru n a  simulatio n o f  a  neura l  net r 
wor k i n constan t  time ,  the n th e backu p positio n become s viabl e — th e unit s i n 
th e higher-leve l  syste m ar e temporaril y  ru n o n neuron s a t  neura l  speed .  Cas -
cade d network s ar e a  first  ste p i n thi s direction . 
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