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Incremental performance improvement with accumulated experience has been measured in human beings 

fo r  a  wid e variet y o f  cognitive ,  perceptual ,  an d moto r  task s (Newell ,  1987) .  "Chunking "  produce s simila r 

performanc e improvement s i n symboli c compute r  programs ,  suc h a s th e S O A R productio n syste m (Lair d 

et  al. ,  1987) .  Chunkin g take s plac e i n S O A R b y observin g th e workin g memor y trac e associate d wit h 

a sequenc e o f  rul e firings,  an d abstractin g fro m thi s trac e a  chun k whic h i n th e futur e wil l  produc e th e 

same result s i n a  singl e step . 

Thi s pape r  present s a  rule-followin g connectionis t  syste m tha t  als o improve s it s efficienc y throug h chunk -

ing .  I t  differ s fro m symboli c productio n system s i n severa l  respects .  Althoug h connectionis t  network s 

may exhibi t  rule-followin g behavior ,  the y d o no t  necessaril y  contai n explici t  symboli c rule s (Rumelhar t 

& McClelland ,  1986 ;  Smolensky ,  1988 ;  Pinke r  &  Prince ,  1988) .  Th e syste m reporte d her e learn s it s 

initia l  se t  o f  behavior s b y bac k propagatio n fro m examples .  Chunk s ar e the n create d b y a  mechanis m tha t 

observe s input/outpu t  behavio r  a s th e networ k runs .  Th e chunke r  i s no t  tol d whic h feature s o f  th e inpu t 

wer e responsibl e fo r  a  particula r  output .  I n S O A R terminology ,  i t  ha s n o acces s t o a  workin g memor y 

trace . 

The tas k th e connectionis t  networ k i s performin g i s strin g manipulatio n base d o n a n abstrac t  versio n o f 

generativ e phonology .  I t  wa s whil e workin g o n a  connectionis t  approac h t o phonolog y tha t  I  hypothesize d 

chunkin g migh t  pla y a  rol e i n th e linguisti c developmen t  o f  humans .  Som e speculation s o n th e interactio n 

betwee n a  chunke r  an d th e Languag e Acquisitio n Devic e appea r  a t  th e en d o f  thi s paper . 

A Rule-Following Connectionist Network 

Figure 1 shows part of a cormectionist network that manipulates strings according to context-sensitive 

rewrit e rules .  Th e rewrit e rule s ar e a n abstrac t  versio n o f  classica l  generativ e phonolog y rules ,  an d ar e 

shown her e usin g classica l  notation .  Rul e R l  belo w say s "chang e C  t o E  i n environment s wher e i t 

precede s a  D. "  Similarly ,  rul e R 2 say s "chang e A  t o B  whe n i t  precede s a n E. " 
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Applicatio n o f  R l  t o th e strin g A B C D yield s A B E D .  Figur e 1  show s ho w thi s i s accomplished .  Th e 

inpu t  buffer ,  rul e module ,  an d chang e buffe r  for m a  three-laye r  feed-forwar d network .  Symbol s ar e 

sequentiall y  shifte d int o th e inpu t  buffe r  Rul e unit s rea d th e buffe r  stat e an d generat e a n outpu t  patter n i n 

th e chang e buffe r  describin g th e change s tha t  ar e t o b e mad e t o th e input .  (Eac h inpu t  buffe r  segmen t  ha s 

a correspondin g chang e buffe r  segment. )  Thre e type s o f  change s ar e possible :  mutatio n o f  inpu t  tokens , 

deletio n o f  inpu t  tokens ,  an d insertio n o f  ne w tokens .  A  Strin g Editin g Network ,  no t  shown ,  read s th e 

inpu t  an d chang e buffe r  pattern s ;ui d generate s a n update d inpu t  patter n i n whic h th e specifie d change s 

hav e bee n made .  Th e desig n o f  th e Strin g Editin g Networ k i s explaine d i n (Touretzky ,  1989) . 
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Figur e 1 :  Par t  o f  a  connectionis t  networ k fo r  applyin g rewrit e mle s t o strings . 

The symbols from which strings are composed are binary feature vectors. The experiment reported here 

use s a  representano n wit h five  "phonetic "  feature s organize d a s on e grou p o f  tw o feature s an d on e o f 

thre e features .  (I n real  phonolog y ther e ar e man y mor e features ;  the y encod e th e plac e an d manne r  o f 

articulatio n o f  sounds. )  Feature s withi n a  grou p ar e mutuall y exclusive .  Ther e ar e a  tota l  o f  si x lega l 

symbols ,  labele d A  throug h F .  Th e chang e buffe r  panem s us e a n eleven-elemen t  cod e fo r  eac h segment : 

one fo r  signalin g deletion ,  five  fo r  describin g a  mutation ,  an d five  fo r  specifyin g a n insertion .  Symbol s 

ar e alway s inserte d t o th e right  o f  th e correspondin g inpu t  buffe r  segment . 

Change buffe r  pattern s ar e tri-state :  0  mean s "n o change, "  + 1 mean s "tur n th e correspondin g bi t  i n th e 

inpu t  buffe r  on, "  an d - 1 mean s "tur n th e correspondin g bi t  off. "  Fo r  deletio n an d insertio n operations , 

- 1 i s treate d lik e zero .  Th e us e o f  tri-stat e pattern s cause s th e chang e buffe r  unit s t o adop t  th e "n o 

change "  cas e a s th e defaul t  i n th e absenc e o f  input .  Tri-stat e output s ar e obtaine d usin g th e symmetri c 

sigmoi d activatio n functio n a{x )  =  2/[ l  +exp(-j:) ]  -  1 . 

The initia l  rule s ar e installe d b y applyin g backpropagaiio n t o a  trainin g se t  o f  inpu t  pattern/chang e patter n 

pairs .  Th e rul e modul e serve s a s th e hidde n laye r  durin g learning .  Onc e th e initia l  rul e se t  ha s bee n 

acquired ,  ther e i s n o supervise d learnin g i n th e model .  T o acquir e chunks ,  sequence s o f  typica l  input s ar e 

ru n throug h th e inpu t  buffer .  A s i t  applie s it s rewrit e rules ,  th e mode l  formulate s chunk s whe n tw o rule s 

fire  i n succession ,  an d train s itsel f  usin g backpro p t o predic t  a  chunke d actio n i n th e appropriat e context . 

Chunkin g ma y therefor e b e regarde d a s "self-supervised "  learning ,  sinc e th e mode l  i s servin g a s it s ow n 

teacher .  Th e chunkin g mechanis m i s explaine d furthe r  afte r  th e nex t  section . 

Position-Independent Rules 

Rule s ar e alway s learne d i n "standar d position, "  wher e th e rightmost  elemen t  o f  th e rule' s environmen t  i s 
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the rightmost element of the input buffer. However, downstream feeding relationships may require rules 

t o appl y i n othe r  positions .  Conside r  wha t  happen s whe n th e strin g A C D i s shifte d int o th e inpu t  buffe r 

one segmen t  a t  a  time .  Th e networ k doe s nothin g wit h th e initia l  substring s A  an d A C .  Afte r  shiftin g 

i n th e D ,  A C D i s converte d t o A E D b y rul e Rl .  R 2 shoul d the n appl y t o produc e B E D ,  bu t  th e A E 

environmen t  fo r  R 2 i s no t  aligne d wit h th e right  edg e o f  th e inpu t  buffer ,  i t  i s  on e segmen t  downstream . 

To allo w rule s t o appl y independen t  o f  position ,  w e mak e severa l  downstrea m copie s o f  th e primar y rul e 

modul e an d constrai n th e lin k weight s i n eac h cop y t o b e equa l  t o th e correspondin g primar y modul e 

weights ,  a s show n i n Figur e 2 .  Thi s wa y rule s nee d onl y b e learne d i n standar d position ,  bu t  the y ca n 

appl y anywher e the y ar e needed .  Th e reaso n fo r  usin g a  chang e descriptio n a s th e outpu t  representatio n 

shoul d no w b e clear :  th e output s o f  al l  th e rul e module s ca n b e superimpose d b y additio n a t  th e chang e 

buffe r  units .  I f  eac h rul e modul e wer e t o directl y ma p th e inpu t  strin g t o a n update d string ,  th e output s 

of  multipl e rul e module s coul d no t  b e combined . 
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Figur e 2 :  Link-equalit y constraint s caus e secondar y rul e m o d u l e s t o replicat e th e behav io r  o f  th e pr imar y 

m o d u l e a t  variou s position s d o w n s t r e a m . 

Th e Chunkin g Mechanis m 

Figur e 3  show s ho w chunkin g i s accomplished .  Th e mode l  ha s tw o chang e buffers .  Th e a  connections , 

whic h contro l  th e Curren t  Chang e Buffer ,  ar e create d b y bac k propagatio n learnin g o n a n initia l  trainin g 

set  supplie d b y th e teacher .  Th e 3  connection s contro l  th e Chunke d Chang e Buffer ,  whic h th e networ k 

uses t o teac h itsel f  ne w chunks . 

Chunkin g occur s continuousl y a s th e networ k processe s pattern s flowing  throug h it s inpu t  buffer .  Eac h 

tim e a  symbo l  i s shifte d int o th e inpu t  buffe r  an d a  forwar d pas s i s performed ,  th e a  connection s produc e 

a Curren t  Chang e Buffe r  pattern .  I f  th e patter n i s al l  zeros ,  meanin g n o a  rul e fired,  th e P  cormection s ar e 

taugh t  t o produc e th e sam e result .  I f  th e patter n i s non-zero ,  meanin g som e a  rul e di d fire,  th e chunke r 

makes a  not e o f  th e chang e buffe r  pattern ,  an d th e strin g editin g networ k make s th e requeste d chang e 
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Figur e 3 :  Chunkin g o f  rule s R l  an d R 2 b y trainin g '^  connection s t o produc e th e compositio n o f  th e tw o 

rules '  chang e buffe r  patterns . 

and updates the input buffer After a second forward pass, if no more q rules fire, there is no sequence 

10 b e chunked .  I n thi s cas e th e J  connection s ar e taugh t  t o imitat e th e chang e patter n produce d b y th e 

singl e Q  rule .  I f  a n a  rul e doe s fire  o n th e secon d forwar d pass ,  a  chun k ca n b e compose d fro m th e 

remembere d chang e buffe r  patter n o f  th e first  rul e plu s th e chang e buffe r  patter n o f  th e secon d rule .  Th e 

3 connection s ar e the n taugh t  t o outpu t  thi s composit e chang e patter n i n th e contex t  tha t  cause d th e first 

Q rul e t o fire. 

Thi s trainin g regime n ensure s tha t  th e 3  rule s wil l  b e a n essentia l  superse t  o f  th e a  rules .  Th e onl y a 

rule s no t  duplicate d o n th e 3  sid e wil l  b e thos e tha t  neve r  fire  i n isolation ,  bu t  onl y t o fee d anothe r  rul e 

or  a s a  resul t  o f  a  feedin g rule .  Thes e non-essentia l  q  rule s wil l  b e replace d b y chunks .  Mor e commonly , 

chunke d an d unchunke d version s o f  rule s coexis t  o n th e 3  side . 

A numbe r  o f  fine  point s i n th e trainin g o f  th e mode l  nee d t o b e explained .  I n a  chunkin g networ k th e 

connection s t o rul e an d chang e buffe r  unit s shoul d remai n plastic .  Plasticit y ca n b e los t  i f  unit s ar e 

allowe d t o ge t  to o fa r  ou t  o n th e tail s o f  th e sigmoid ,  wher e th e derivativ e goe s t o zero .  Severa l  step s 

ar e take n t o preven t  los s o f  plasticity .  I n standar d bac k propagatio n th e erro r  signa l  o f  a n outpu t  uni t 

i s  define d t o b e th e differenc e betwee n th e actua l  an d desire d output s multiplie d b y th e derivativ e o f 

th e outpu t  functio n (Rumelhar t  e t  al. ,  1986) .  I n th e chunkin g networ k th e derivativ e ter m i s omitte d fo r 

outpu t  units . 

I n addition ,  weight s mus t  no t  b e allowe d t o gro w to o larg e durin g training ,  a s thi s ca n als o hinde r  futur e 

learning .  T o kee p th e weight s smal l  an d th e rul e unit s fro m gettin g to o fa r  ou t  o n th e tail s o f  th e sigmoid , 

th e mode l  use s outpu t  trainin g target s o f  +0. 5 an d -0. 5 rathe r  tha n + 1 an d - 1 .  W h e n updatin g th e inpu t 

buffer ,  an y chang e buffe r  valu e greate r  tha n +0. 3 i s treate d a s +1 ,  an d an y valu e les s tha n -0. 3 i s treate d 

as - 1 . 

Althoug h chang e buffe r  unit s us e a  symmetri c sigmoid ,  rul e unit s us e th e standar d sigmoid .  I  conjectur e 



TOIJRETZKY 

that rules may be learned more easily this way. Rule units are feature detectors, so when a feature is not 

presen t  th e unit' s  outpu t  shoul d b e zero .  Thi s i s easil y achieve d wit h th e standar d sigmoi d b y supplyin g 

a substantia l  negativ e bia s tha t  ca n b e counteracte d onl y b y a n appropriat e patter n o f  inpu t  features .  Wit h 

tri-stat e unit s i t  i s  no t  possibl e hol d th e outpu t  stead y a t  zer o ove r  th e entir e se t  o f  input s tha t  aren' t 

suppose d t o trigge r  a  rule . 

Finally ,  i t  shoul d b e note d tha t  i n orde r  t o lea m th e environment s i n whic h n e w chunk s apply ,  rul e unit s 

must  modif y no t  onl y thei r  ( 3 outpu t  connections ,  bu t  als o thei r  inpu t  connections .  Bu t  thi s alter s th e 

rul e unit' s  respons e t o subsequen t  inputs ,  s o i t  m a y interfer e wit h th e continue d productio n o f  correc t 

pattern s i n th e Curren t  Chang e Buffer .  T o preven t  th e mode l  fro m leadin g itsel f  astray ,  i t  i s  programme d 

t o continuall y rehears e it s a  behavior s a s i t  train s th e / 3 connections .  Rehearsa l  i s  anothe r  instanc e o f 

self-supervise d learning .  Eac h patter n th e a  unit s generat e i n th e Curren t  Chang e Buffe r  i s "idealized " 

by treatin g al l  value s greate r  tha n +0. 3 a s +0.5 ,  al l  value s les s tha n -0. 3 a s -0 .5 ,  an d al l  othe r  value s 

as 0 .  Th e differenc e betwee n th e actua l  a  output s an d th e idealize d output s generate s a n erro r  signa l  tha t 

help s t o readjus t  th e inpu t  weight s o n eac h presentation ,  counterin g th e disruptiv e effec t  trainin g th e 3 

unit s ha s o n th e inpu t  weigh t  pattern .  Th e q  an d 3  side s o f  th e mode l  ar e thereb y force d t o compromis e 

on a n inpu t  weigh t  patter n tha t  allow s eac h sid e t o d o it s job . 

Complex Rule Interactions 

Composing a chunk from two mutation rules is easy: one simply inclusive-or's the change buffer patterns 

(usin g tri-stat e logic) ,  givin g th e secon d rul e priorit y i n th e cas e o f  a  + 1 /  -  1  conflict .  Composin g chunk s 

fro m othe r  type s o f  rule s i s slighd y mor e complex .  I f  th e first  rul e insert s o r  delete s a  segment ,  som e 

portio n o f  th e secon d rule' s chang e buffe r  patter n wil l  nee d t o b e shifte d t o tak e thi s chang e int o accoun t 

befor e inclusive-orin g th e tw o together .  I f  th e secon d rul e mutate s a  segmen t  tha t  wa s inserte d b y th e first, 

th e secon d rule' s mutatio n patter n mus t  b e combine d (wit h priority )  wit h th e first  rule' s inser t  pattern ,  no t 

it s  mutatio n pattern .  I f  th e secon d rul e delete s a  segmen t  tha t  wa s inserte d b y th e first  rule ,  th e first  rule' s 

insertio n mus t  b e suppresse d i n th e compose d chunk .  Thi s ca n b e accomplishe d b y settin g th e insertio n 

bit s t o zero . 

I n th e simulation ,  chunke d chang e buffe r  pattem s wer e compose d b y a  Lis p versio n o f  th e abov e algorithm . 

However ,  i t  woul d b e eas y t o construc t  a  connectionis t  networ k t o d o th e sam e task .  Th e inpu t  woul d b e 

th e curren t  an d previou s chang e buffe r  pattems ;  th e outpu t  woul d b e th e compose d change . 

A limitatio n o f  thi s particula r  rewrite-rul e architectur e i s tha t  onl y on e symbo l  ca n b e inserte d betwee n 

eac h pai r  o f  symbol s i n th e inpu t  buffer .  Therefor e on e canno t  chun k tw o rule s i f  the y bot h inser t 

somethin g a t  th e sam e inpu t  position .  I n practic e thi s situatio n doe s no t  see m t o c o m e u p i n segmenta l 

phonology ,  althoug h ther e ar e multi-segmen t  insertion s a t  th e morphologica l  level . 

Experimental Results 

The initial chunker simulation used an input buffer of length six, and three rule modules, each of which 

looke d a t  thre e adjacen t  inpu t  segments .  Th e primar y rul e modul e wa s taugh t  rule s R l  an d R 2 b y 

backpropagatio n o n a  smal l  trainin g set .  (Th e trainin g se t  consiste d o f  som e environment s i n whic h 

th e mle s shoul d apply ,  plu s som e additiona l  environment s i n whic h n o rul e shoul d fire.)  Th e followin g 

exampl e show s th e result s o f  thi s training .  R 2 an d the n R l  applies ,  independently ,  i n standar d position , 

as th e strin g A E F C D i s shifte d throug h th e inpu t  buffer .  Underscore s denot e nul l  segment s (al l  zeros. ) 
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(demo '( a e  f  c  d) ) 
Shif t  A  int o inpu t  buffer : 
Shif t  E  int o inpu t  buffer : 

Change du e t o rul e firing : 
Shif t  F  int o inpu t  buffer : 
Shif t  C  int o inpu t  buffer : 
Shif t  D  int o inpu t  buffer : 

Change du e t o rul e firing : 
B 
B 

B 
E 
E 

B 
E 
F 
F 

A 
B 
E 
F 
C 
E 

A 
E 
E 
F 
C 
D 
D 

(rul e R2 ) 

(rul e Rl ) 

We nex t  conside r  a n exampl e o f  downstrea m feedin g o f  R 2 b y Rl ,  whic h neve r  occurre d i n th e trainin g 

data .  Not e tha t  afte r  th e las t  symbo l  i s shifte d in ,  th e inpu t  buffe r  change s twice .  Thi s i s th e conditio n 

allowin g a  chun k t o b e composed . 

*  (dem o '  ( a c  d) ) 

Shif t  A  int o inpu t  buffer : 

Shif t  C  int o inpu t  buffer : 

Shif t  D  int o inpu t  buffer : 

Chang e du e t o rul e firing : 

Chang e du e t o rul e firing : 

_ _  A 

_ A  C 

A C  D 

A E  D 

B E D 

(rul e Rl ) 

(rul e R2 ) 

Runnin g th e networ k o n sequence s suc h a s A C D allow s i t  t o lear n chunk s i n self-supervise d mode ,  b y 

observin g it s ow n behavior .  Th e chun k fo r  turnin g A C D int o B E D consist s o f  R l  plu s a  shifte d versio n 

of  R2 ,  sinc e R 2 i s applyin g on e segmen t  downstream .  Th e rul e unit s mus t  lear n t o pa y attentio n t o th e 

thir d segmen t  o f  th e buffer ,  wherea s fo r  R l  an d R 2 i n isolatio n onl y th e first  tw o segment s ar e imponant . 

The resul t  o f  chunkin g i s show n belo w fo r  th e strin g A C D C D.  (T o actuall y us e th e learne d chunk s w e 

replac e th e q  weight s wit h th e learne d ( 3 weights. )  Th e A C D t o B E D portio n o f  th e exampl e demonstrate s 

th e existenc e o f  th e R1-R 2 chunk ;  th e C D t o E D portio n tha t  follow s demonstrate s th e preservatio n o f 

Rl  o n th e J  sid e a s a n independen t  rule .  Othe r  input s verifie d tha t  R 2 wa s als o preserved . 

(dem o '  ( a c  d  c  d )  ) 

Shif t  A  int o inpu t  buffer : 

Shif t  C  int o inpu t  buffer : 

Shif t  D  int o inpu t  buffer : 

Chang e du e t o rul e firing : 

Shif t  C  int o inpu t  buffer : 

Shif t  D  int o inpu t  buffer : 

Chang e du e t o rul e firing : 

B 

_ 
B 
E 

A 
B 
E 
D 

A 
C 
E 
D 
C 

A 
C 
D 
D 
C 
D 

(chun k R1-R2 ) 

(rul e Rl ) 

Additiona l  experiment s confir m tha t  th e networ k ca n chun k insertio n an d deletio n rule s a s wel l  a s muta -

tions .  I t  ca n als o combin e a  learne d chun k wit h anothe r  rul e t o for m a  bigge r  chunk . 

As lon g a s th e model' s behavio r  i s governe d solel y b y th e a  connections ,  i t  wil l  no t  b e abl e t o appl y th e 

chunk s i t  ha s learned .  A n initial ,  brute-forc e solutio n t o thi s proble m i s t o simpl y cop y th e 3  weight s t o 

th e a  connection s wheneve r  th e J  trainin g erro r  i s lo w enough .  Bu t  suc h a  drastic ,  globa l  weigh t  chang e 
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is admittedly unnatural. We are currently exploring more fluid ways of exchanging knowledge between 

th e Q  an d ( 3 sides .  On e schem e w e hav e trie d i s t o maintai n runnin g confidenc e level s fo r  eac h side , 

and wit h eac h ne w inpu t  symbol ,  stochasticall y choos e eithe r  th e a  o r  / ? chang e buffe r  patter n base d o n 

relativ e confidenc e values .  Initiall y  th e / ? confidenc e i s low .  Whe n th e a  sid e ha s successfull y traine d 

th e ( 3 side ,  th e networ k begin s t o execut e a  mi x o f  a  an d i 3 actions ,  includin g som e learne d chunks .  A s 

th e 0  sid e i n tur n trie s t o teac h ne w chunk s t o th e a  side ,  th e a  confidenc e leve l  drop s an d th e 3  rule s 

tak e ove r  unti l  th e ne w a  chunk s hav e bee n learned . 

Interesting Chunking Phenomena 

A number of interesting questions are raised by this work. One is the order in which larger chunks should 

be formed .  Conside r  th e feedin g rul e chai n R1-R2-R3-R4 .  I f  th e mode l  build s a t  mos t  on e chun k befor e 

shiftin g a  ne w symbo l  int o it s buffer ,  th e chai n wil l  b e chunke d i n th e orde r  (((R l  R2 )  R3 )  R4) .  Thi s 

approac h i s compatibl e wit h th e powe r  la w o f  practic e cite d b y Newell .  I f  th e mode l  build s a  chun k 

wheneve r  an y pai r  o f  unchunke d rule s fire  i n sequence ,  th e orde r  o f  chun k creatio n wil l  b e ((R l  R2 )  (R 3 

R4)) .  I t  i s  no t  ye t  know n whic h orde r  i s mor e compatibl e wit h th e wa y th e learnin g algorith m create s 

rul e representations . 

A secon d questio n i s wha t  representatio n th e mode l  wil l  develo p fo r  rule s tha t  participat e i n multipl e 

feedin g chains .  Conside r  a  cas e where ,  fo r  on e clas s o f  input s ther e i s a  chun k R1-R2-R3 ,  an d fo r 

anothe r  clas s a  chun k R1-R4-R5 .  Sinc e R l  i s share d b y bot h chunk s an d ma y als o appl y i n isolation ,  th e 

representation s o f  th e tw o chunk s an d th e origina l  rul e shoul d b e similar ,  an d wil l  probabl y shar e units . 

A relate d issu e i s th e formatio n o f  variable-lengt h chunk s fro m self-feedin g rules ,  suc h a s thi s deletio n 

rule :  R 6 :  E  - - > 0  /  _  F 

R6 applie s thre e time s i n successio n t o th e strin g B E E E F t o deriv e BF .  Afte r  chunking ,  B F shoul d b e 

obtaine d i n a  singl e rul e firing.  I f  th e chunke r  i s expose d t o sequence s o f  for m {E}'̂ F o f  varyin g length , 

i t  shoul d buil d a  collectio n o f  relate d chunks .  Th e degre e an d natur e o f  th e overla p i n representation s o f 

thes e chunk s i s wort h investigating . 

Finall y ther e i s th e issu e o f  variable s appearin g i n rules .  Variable s serv e eithe r  t o narro w th e domai n o f 

applicatio n o f  a  rul e (whe n th e sam e variabl e appear s twic e o n th e lef t  han d side) ,  o r  t o cop y a  valu e 

fro m on e plac e t o anothe r  (whe n th e variabl e appear s onc e o n th e lef t  an d a t  leas t  onc e o n th e right  han d 

side. )  I n phonolog y i t  i s  no t  to o expensiv e t o expan d a  variable-containin g rul e int o a  se t  o f  variable-fre e 

rules ,  becaus e variable s ca n tak e o n onl y a  fe w values .  I n mor e genera l  symbo l  processin g task s thi s ma y 

not  b e feasible .  I t  ma y b e possibl e t o teac h a  backpropagatio n networ k t o implemen t  rule s wit h variable s 

by encodin g th e valu e i n th e hidde n laye r  activatio n pattern .  Suc h a  schem e woul d probabl y requir e a 

more comple x hidde n laye r  tha n i n th e presen t  model . 

Chunking and Language 

The segmental phonology of any human language can be expressed by sequences of simple rewrite rules 

on strings .  Thes e rule s ar e highl y constrained ,  s o that ,  fo r  example ,  reversin g th e segment s o f  a  wor d 

i s no t  possibl e i n huma n phonolog y (Pinke r  &  Prince ,  1988) .  Anothe r  constrain t  i s  tha t  ther e i s n o 

metathesi s (switching )  o f  non-adjacen t  segments .  Th e regularit y an d degre e o f  constrain t  o f  phonologica l 

processe s i s striking ,  an d crie s ou t  fo r  scientifi c  explanation .  Th e hypothesi s motivatin g th e wor k reporte d 
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