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ABSTRACT 

The back-propagation learning algorithm (Rumelhart, Hintoa, & Williams, 1986) for connection-

is t  network s work s b y adjustin g th e weight s alon g th e negativ e o f  th e gradien t  i n weigh t  spac e o f  a 

standar d erro r  measure .  Th e back-propagatio n techniqu e i s simpl y a n efficien t  an d entirel y loca l 

means o f  computin g thi s gradient .  Usin g wha t  i s essentiall y  th e sam e back-propagatio n scheme ,  on e 

may instea d comput e th e gradien t  o f  thi s erro r  measur e i n th e spac e o f  inpu t  activatio n vectors ;  thi s 

give s ris e t o a n algorith m fo r  invertin g th e mappin g performe d b y a  networ k wit h specifie d weights . 

I n thi s cas e th e erro r  i s propagate d bac k t o th e inpu t  unit s an d i t  i s  th e activation s o f  thes e unit s — 

rathe r  tha n th e value s o f  th e weight s i n th e networ k — tha t  ar e adjuste d s o tha t  a  specifie d outpu t 

patter n i s evoked .  Thi s techniqu e i s illustrate d her e wit h a  smal l  networ k whic h i s a  muc h simplifie d 

versio n o f  th e NETtal k text-to-specc h networ k studie d b y Sejnowsk i  an d Rosenbur g (1986) .  Th e ide a 

i s t o ru n thi s networ k backwar d s o tha t  i t  attempt s t o spel l  word s base d o n thei r  phoneti c representa -

tions .  Thi s exampl e furthe r  illustrate s th e us e o f  thi s techniqu e i n a  sequentia l  interpretatio n settin g 

i n whic h phoneme s ar e presente d t o th e syste m on e a t  a  tim e an d th e syste m mus t  refin e it s previou s 

gues s a t  th e correc t  spellin g a s eac h ne w phonem e i s presented . 

INTRODUCTION 

This paper explores the use of the technique of back-propagation of error (Rumelhart, Hinton, 

& Williams ,  1986 )  t o inver t  th e mappin g performe d b y a  connectionis t  network .  Whil e th e techniqu e 

was introduce d i n tha t  pape r  a s a  mean s o f  finding a  se t  o f  weight s whic h woul d achiev e a  certai n 

mappin g i n a  networ k o f  give n topology ,  i t  i s  equall y applicabl e t o th e proble m o f  finding  wha t  inpu t 

patter n woul d giv e rise  t o a  specifie d outpu t  patter n i n a  networ k wit h give n weights .  Tabl e 1  sum -

marize s ho w i t  i s  possibl e t o solv e fo r  an y on e o f  th e thre e item s inpu t  pattern ,  weigh t  matrix ,  an d out -

put  patter n give n th e othe r  two ,  suc h tha t  a  networ k wit h tha t  weigh t  matri x map s tha t  inpu t  patter n 

t o tha t  outpu t  pattern .  Th e back-propagatio n inpu t  adjustmen t  algorith m wil l  b e describe d furthe r  i n 

Table 1 

Give n 

inpu t  pattern ,  weight s 
inpu t  pattern ,  outpu t  patter n 
outpu t  pattern ,  weigh u 

Solv e Fo r 

outpu t  patter n 
weigh u 
inpu t  patter n 

Usin g 

forwar d propagatio n 
back-propagatio n learnin g 
back-propagatio n inpu t  adjustmen t 
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th e nex t  section ,  followin g whic h it s us e i n invertin g a  particula r  networ k mappin g wil l  b e explored . 

Although no specific network implementation of the back-propagation mechanism is proposed 

here ,  thes e idea s hin t  a t  th e intriguin g possibilit y  tha t  ther e migh t  exis t  a  desig n fo r  a  networ k whic h 

contain s withi n i t  th e mean s fo r  production ,  fo r  comprehension ,  an d fo r  learning ,  al l  integrate d 

together . 

THE BACK-PROPAGATION INPUT ADJUSTMENT ALGORITHM 

Just as the back-propagation learning algorithm (Rumelhart, Hinton. & Williams, 1986) is an 

incrementa l  procedur e fo r  adjustin g th e weight s i n a  network ,  th e back-propagatio n inpu t  adjustmen t 

algorith m t o b e explore d her e i s a n incrementa l  procedure .  Thi s mean s tha t  i t  require s a n initia l 

"guess "  a t  th e inpu t  vector ,  whic h i t  successivel y modifie s unti l  th e resultin g inpu t  vecto r  give s th e 

desire d outpu t  i n th e give n network .  Th e mathematica l  detail s o f  thi s algorithm ,  althoug h straightfor -

ward ,  wil l  no t  b e give n here ,  i n th e interes t  o f  brevity ;  suffic e i t  t o sa y tha t  th e algorith m move s dow n 

th e negativ e o f  th e gradien t  o f  th e sam e squarcd-erro r  performanc e measur e use d fo r  th e back -

propagatio n learnin g algorithm .  Th e differenc e i s tha t  thi s gradien t  i s  compute d i n th e spac e o f  inpu t 

vector s rathe r  tha n i n weigh t  space .  Th e derivatio n o f  thi s algorith m proceed s almos t  identicall y t o 

th e derivatio n o f  th e learnin g algorithm ,  wit h th e chai n rul e fo r  partia l  derivative s givin g ris e t o it s 

back-propagatio n flavor,  i n whic h error-correctio n informatio n i s require d t o flow  backward s alon g 

th e connection s i n th e network . 

Just as in the learning case, back-propagation of error-correction information must be inter-

sperse d wit h forwar d propagatio n i n th e ne t  t o determin e wha t  additiona l  adjustment s ar e necessary . 

Thus th e entir e algorith m fo r  invertin g th e networ k mappin g fo r  a  particula r  specifie d outpu t  patter n 

consist s o f  startin g wit h a n initia l  inpu t  patter n an d modifyin g thi s patter n b y repeate d applicatio n o f 

what  wil l  b e calle d a  basi c adjustmen t  cycle .  Suc h a  basi c adjustmen t  cycl e consist s o f  propagatin g 

activit y forwar d i n th e network ,  back-propagatin g th e error-correctio n information ,  an d incrementin g 

th e inpu t  vecto r  accordingly . 

SOME SIMULATION RESULTS 

The NETtalk text-to-speech network of Sejnowski and Rosenburg (1986) is a network whose 

inpu t  represent s a  seven-characte r  windo w o n a  potentiall y  muc h longe r  strin g o f  tex t  an d whos e out -

put  represent s th e singl e phonem e whic h i s appropriat e fo r  th e characte r  a t  th e cente r  o f  th e windo w 

i n th e contex t  o f  th e remainin g si x characters .  Th e networ k operate s o n a n arbitrary-lengt h tex t 

strin g b y successivel y slidin g it s seven-characte r  windo w alon g thi s strin g b y on e characte r  a t  a  time . 

Her e w e conside r  a  drasticall y simplifie d versio n o f  suc h a  ne t  an d stud y it s abilit y  t o ru n 'backwards ' 

— i.e. ,  it s  abilit y  t o spel l  a  wor d give n it s phoneti c representation .  Furthermore ,  sinc e th e networ k 

represent s onl y a  singl e phonem e a t  a  time ,  thi s proble m wil l  tak e o n a  sequentia l  interpretatio n 

flavor:  a s successiv e phoneme s ar e presented ,  th e syste m wil l  b e force d t o updat e it s 'preferre d spell -

ing "  a s thes e phoneme s com e along ,  rathe r  tha n i n parallel .  I t  thu s become s interestin g t o examin e 

th e sequenc e o f  result s obtaine d b y th e system . 
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The networ k use d i n thes e experiment s i s depicte d i n Figur e 1 .  Th e inpu t  unit s encode d eigh t 

character s i n eac h o f  thre e positions ,  wit h unuse d character/positio n combination s eliminated .  Th e 

outpu t  unit s encode d nin e phonemes .  Bot h th e inpu t  an d th e outpu t  representation s wer e loca l  rathe r 

tha n distributed .  Thi s wa s don e strictl y a s a  matte r  o f  convenienc e i n settin g u p th e networ k an d als o 

t o mak e i t  easie r  t o interpre t  arbitrar y patter n vector s i n a  reasonabl e way ,  a s wil l  b e discusse d below . 

The network was first trained (using back-propagation learning) to produce the appropriate 

phonemes fo r  seve n words .  I n th e manne r  o f  NETtalk ,  eac h wor d wa s traine d i n eac h relevan t  posi -

tio n i n th e 3-characte r  window .  Th e trainin g dat a i s liste d i n Tabl e 2 .  Thes e word s wer e chose n 

Table 2 

Inpu t  Wor d 
( 3 positions ) 

can 
car 
con 
wan 
war 
was 
won 

Outpu t  Phoneme s 

/k/ ,  /©/ ,  /n / 
/k/ ,  /a/ ,  /r / 
/k/ ,  /a/ ,  /n / 
/w/ ,  /a/ ,  /n / 
/w/ ,  /c/ ,  /r / 
/w/ ,  /-/ ,  /z / 
/w/ ,  /"/ ,  /n / 

becaus e o f  th e interestin g problem s the y presen t  fo r  a  syste m tryin g t o determin e th e spellin g a s th e 

p h o n e m e s appea r  sequentially.  N o t e tha t  determinatio n o f  th e correc t  vowe l  canno t  b e m a d e fo r 

some o f  thes e befor e th e final  consonan t  p h o n e m e ha s bee n presented .  T h u s particula r  interes t  i n 

thes e experiment s w a s centere d o n th e abilit y o f  th e networ k t o infe r  th e vowe l  a s eac h p h o n e m e w a s 

presented . 

Once the network had been trained to achieve essentially perfect performance, the weights were 

fixed;  thi s networ k the n forme d th e basi s o f  th e syste m o n whic h al l  th e experiment s reporte d her e 

wer e performed .  I n al l  thes e experiments ,  characte r  position s t o b e determine d ha d al l  thei r  characte r 

units '  output s initialize d t o th e s a m e nomina l  valu e (typicall y  .1) .  Also ,  fo r  al l  th e experiment s th e 

'solution '  obtaine d b y th e syste m fo r  an y particula r  characte r  positio n w a s interprete d t o b e tha t  char -

acte r  havin g th e larges t  output .  Thi s i s consisten t  wit h th e Sejnowsk i  &  Rosenbur g interpretatio n o f 

th e 'bes t  guess '  outpu t  o f  thei r  syste m a s th e vecto r  mak in g th e smalles t  angl e wit h th e outpu t  vector . 

The results of the experiments are summarized in Table 3, where an asterisk is used to denote a 

characte r  positio n whic h i s t o b e determined .  Experiment s 4- 7 involve d presentin g sequence s o f 

p h o n e m e s t o th e system ,  an d thes e experiment s wer e ru n a s follows : 

(1) The letter units were initialized to nominal values. 

(2 )  T h e give n p h o n e m e w a s selecte d a s th e targe t  outpu t  patter n t o b e achieved . 

(3 )  T h e characte r  unit s ha d thei r  value s adjuste d vi a severa l  iteration s (typicall y 50 ,  usin g a  rat e 

paramete r  o f  .1 )  o f  th e basi c adjustmen t  cycle .  A t  thi s poin t  th e targe t  outpu t  w a s wel l 

matche d b y th e outpu t  actuall y achieve d usin g th e adjuste d inpu t  pattern . 
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Figur e 1 .  T h e networ k «ise d i o th e experiments .  Th e inpu t  laye r  i t  divide d int o thre e parti ,  on e fo r  eac h o f  thre e charac -
te r  positions .  Ther e i s  complet e connectivit y betwee n layers .  Th e inpu t  vecto r  show n represent s th e wor d ear .  Th e 
correspondin g outpu t  vecto r  show n represent s th e appropriat e phonem e /a/ .  Th e printe d representatio n use d her e fo r  thes e 
phonemes i s take n directl y fro m Sejnowsk i  an d Rosenbur g (1986) .  Th e sound s the y denot e ca n b e inferre d fro m th e descrip -
tio D o f  th e trainin g dat a fo r  th e networ k give n i n Tabl e 2 .  Th e underscor e represent s th e <tpact > character . 
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(4 )  Th e outpu t  value s o f  th e characte r  unit s wer e shifte d on e slo t  t o th e lef t  i n preparatio n fo r 

receip t  o f  th e nex t  phoneme .  Thi s se t  o f  outpu t  value s represente d th e startin g poin t  fo r  th e 

attemp t  t o matc h th e nex t  phoneme .  (Th e rightmos t  characte r  slo t  ha d al l  it s  units '  output s 

set  t o th e defaul t  nomina l  value. ) 

Steps (2)-(4) were repeated for each phoneme in the string of phonemes which the network was to 

spell .  A t  eac h iteratio n o f  thi s cycl e o f  step s th e patter n o f  activit y i n th e characte r  unit s wa s exam -

ine d a t  th e en d o f  ste p (3) . 

Table 3 

Experimen t 

1 

2 

3 
4 

5 

6 

7 

Targe t  Phonem e 

mi 

/a / 

/a / 
Iv l 
n 
lt d 

I' l 
la / 

Ik l 
I d 
It l 

Ik J 
la J 
It U 

Characte r  Uni U 

Initia l  Sut e 

•• • 

c»r 

c»n 
•• • 

•• • 

•• • 

•• • 

Winner s 
Afte r  Convergenc e 

can 

car 

con 
_wa 
wos 
on_ 

_wa 
wos 
as_ 

cor 

cor 
on_ 

I n ever y on e o f  thes e sequentia l  experiment s ther e wa s ambiguit y concernin g th e correc t  choic e 

of  vowe l  a t  th e tim e tha t  phonem e wa s presented ;  subsequen t  presentatio n o f  th e nex t  phonem e pro -

vide d disambiguatin g informatio n whic h enable d th e syste m t o choos e th e correc t  vowe l  eve n afte r  th e 

correspondin g phonem e wa s n o longe r  availabl e t o th e system .  I n ever y cas e th e syste m mad e th e 

correc t  vowe l  it s  clea r  favorit e onc e thi s disambiguatin g informatio n wa s mad e available . 

DISCUSSION 

There are several remarks to be made here. First, the particular network used for these experi-

ment s wa s quit e smal l  an d th e inversio n problem s pose d wer e quit e simple .  I t  wil l  b e interestin g t o 

see whethe r  simila r  result s ar e obtaine d i f  correspondin g experiment s ar e performe d i n a  muc h large r 

networ k havin g man y mor e input/outpu t  pair s 'stored '  i n it s  weights . 

Second ,  th e proble m o f  invertin g a  NETtalk-lik e grapheme-string-to-single-phonem e mappin g 

was chose n becaus e i t  illustrate d no t  onl y th e notio n o f  invertin g a  mappin g bu t  als o som e othe r  issue s 

whic h ar e base d o n th e observatio n tha t  th e networ k inversio n proble m an d th e networ k learnin g 
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proble m ar e dua l  instance s o f  th e sam e genera l  mathematica l  problem .  A s such ,  the y ar e bot h under -

determined ,  i n general ,  s o tha t  wha t  mus t  b e sough t  ar e simultaneou s solution s t o multipl e instance s 

of  suc h problems ,  o r  els e solution s whic h ar e nearest ,  i n som e sense ,  t o a  give n startin g point . 

Furthermore, the sequential nature of learning problems — in which the items to be learned are 

assumed t o b e experience d sequentiall y  — i s generall y take n fo r  granted ,  whil e th e conncctionis t 

approac h ofte n suggest s solution s t o comprehensio n problem s i n whic h a  grea t  dea l  mor e parallelis m i s 

assumed (ofte n b y simpl y bufferin g a  temporall y extende d inpu t  strea m i n orde r  t o mak e al l  com -

ponent s o f  i t  availabl e fo r  processin g simultaneously) .  I n th e exampl e considere d here ,  a  strictl y 

sequentia l  proces s wa s invoke d i n whic h th e syste m wa s onl y allowe d t o examin e on e phonem e a t  a 

time .  A n interestin g questio n i s wha t  t o d o a t  eac h ste p i n orde r  t o ge t  optima l  convergenc e t o th e 

"correct *  answer .  Th e engineerin g topi c o f  recursiv e identificatio n (Ljun g &  Soderstrom ,  1982 ) 

addresse s suc h questions ,  althoug h mos t  suc h algorithm s ma y b e o f  limite d applicabilit y  t o thes e net -

wor k problem s sinc e the y ar e base d o n linea r  approximations .  Th e importanc e o f  thes e sequentia l 

issue s ca n b e see n b y notin g tha t  suc h algorithm s applie d t o th e learnin g proble m woul d provid e one -

tria l  learning .  Whil e a  paralle l  approac h i s possibl e eve n i n th e learnin g case ,  i t  i s  clearl y inappropri -

ate. ' 

Another remark concerns the implication of the duality between input vector and weight matrix 

fo r  th e conncctionis t  approach .  I t  i s  intriguin g t o speculat e o n ho w i t  migh t  b e possibl e t o creat e 

model s i n whic h activation s an d weight s pla y a  mor e symmetri c role .  Ther e ar e certainl y precedent s 

fo r  suc h a n enterprise .  Fo r  example ,  model s hav e bee n propose d whic h essentiall y  replac e weight s b y 

activatio n o f  unit s vi a gatin g connection s o n second-orde r  sigma-p i  unit s (Hinton ,  1981 ;  Rumelhart , 

Hinton ,  &  McClelland ,  1986 ;  Williams ,  1986) .  On e suc h mode l  i s tha t  o f  McClellan d (1986) .  Also , 

some model s hav e bee n studie d whic h cal l  fo r  fas t  short-ter m change s i n weights ,  whic h migh t  b e con -

sidere d a  mean s b y whic h networ k weight s ar e mad e t o tak e o n a  rol e mor e lik e tha t  o f  activatio n o f 

units . 

Finally, note that unlike most reports on connectionist-style research, this paper does not actu-

all y propos e a  networ k implementatio n o f  th e computationa l  techniqu e suggeste d here .  Rather ,  i t 

suggest s th e utilit y  o f  th e back-propagatio n formalis m i n anothe r  settin g beside s tha t  fo r  whic h i t  wa s 

originall y proposed .  Result s suc h a s thes e sugges t  tha t  treatin g back-propagatio n a s a  functiona l  prim -

itiv e i n network s ma y lea d t o a  numbe r  o f  elegan t  solution s t o connectionist-styl e problems .  I t 

remain s a n ope n questio n jus t  ho w suc h functionalit y ma y b e implemente d i n mor e conventiona l 

forward-propagatin g networ k fashion .  I t  i s  clea r  tha t  th e computatio n explore d her e ha s th e flavor  o f 

a sequenc e o f  settlings ,  suggestin g tha t  a  possibl e implementatio n migh t  consis t  o f  a  networ k designe d 

t o carr y ou t  thi s settlin g behavior . 

1.  I n fact ,  i t  i t  no t  bar d t o devis e a  genera l  procedur e fo r  conitructin g a  large r  network ,  wit h certai n weight s constraine d t o b e 
equal ,  suc h tha t  th e sequentia l  proble m o f  determinin g th e weight s fo r  a  give n collectio n o f  input/outpu t  pair s i n a  give n net -
work amount s t o a  singl e trainin g instanc e i n thi s ne w (poaibl y gigantic )  network .  Furthermore ,  th e usua l  techniqu e o f  in -
terspersin g th e paner n presenution s throughou t  trainin g ca n b e viewe d a s a  time-shared ,  seria l  implementatio n o f  thi s paralle l 
process . 
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