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Abstrac t 

In this paper we describe a general connectionist model of 
"learnin g b y bein g told" .  Unlik e commo n networ k model s o f 
inductiv e learnin g whic h rel y o n th e slo w modificatio n o f  con -
nectio n weights ,  ou r  mode l  o f  instructe d learnin g focuse s o n 
rapi d change s i n th e activatio n stat e o f  a  recurren t  network .  W e 
vie w stabl e distribute d pattern s o f  activatio n i n suc h a  networ k 
as interna l  representation s o f  provide d advic e -  representation s 
whic h ca n modulat e th e behavio r  o f  othe r  networks .  W e sug -
gest  tha t  th e stabilit y  o f  thes e configuration s o f  activatio n ca n 
aris e ove r  th e cours e o f  learnin g a n instructiona l  languag e an d 
tha t  thes e stabl e pattem s shoul d appea r  a s articulatedattractor s 
i n th e activatio n spac e o f  th e recurren t  network .  I n additio n 
t o proposin g thi s genera l  model ,  w e als o repor t  o n th e result s 
of  tw o computationa l  experiments .  I n th e first,  network s ar e 
taugh t  t o respon d appropriatel y t o direc t  instructio n concernin g 
a simpl e mappin g task .  I n th e second ,  network s receiv e instruc -
tion s describin g procedure s fo r  binar y arithmetic ,  an d the y ar e 
traine d t o immediatel y implemen t  th e specifie d algorithm s o n 
pair s o f  binar y numbers .  Whil e th e network s i n thes e prelim -
inar y experiment s wer e no t  designe d t o embod y th e attracto r 
dynamic s inheren t  i n ou r  genera l  model ,  the y provid e suppor t 
fo r  thi s approac h b y demonstratin g th e abilit y  o f  recurren t  back -
propagatio n network s t o lear n a n instructiona l  languag e i n th e 
servic e o f  som e tas k an d thereafte r  exhibi t  promp t  instructio n 
followin g behavior . 

Introduction 

Connectionis t  model s o f  huma n learnin g hav e focuse d pri -
maril y o n problem s o f  inductiv e generalization .  The y vie w 
learnin g a s a  proces s o f  extractin g ne w knowledg e firo m th e 
statistica l  propertie s o f  a  lon g serie s o f  exemplars .  Whil e 
thi s cover s man y cases ,  human s exhibi t  othe r  learnin g behav -
ior s whic h def y descriptio n a s inductio n ove r  examples .  I n 
particular ,  w e ar e capabl e o f  acquirin g ne w knowledg e fro m 
singl e highl y informativ e events ,  suc h a s tastin g sush i  fo r  th e 
firs t  time ,  seein g someon e operat e a  ne w coffe e machine ,  o r 
hearin g a  lecture .  A  singl e sentenc e ca n hav e profoun d an d 
lastin g effect s o n ou r  behavior .  Furthermore ,  w e ar e capabl e 
of  integratin g suc h rapidl y acquire d knowledg e wit h knowl -
edg e gaine d inductively .  I f  connectionis m i s t o provid e a 
soun d computationa l  framewor k fo r  th e entir e rang e o f  huma n 
learnin g behaviors ,  i t  mus t  b e extende d beyon d induction . 

Toward s thi s end ,  w e propos e her e a  connectionis t  mode l 
of  "learnin g b y bein g told" ,  an d w e demonstrat e a  some -
what  mor e modes t  mode l  o f  connectionis t  instructio n fol -
lowing .  W e vie w "learnin g fro m instruction "  a s involvin g 
th e demonstratio n o f  "appropriate "  behavio r  immediatel y fol -
lowin g th e receip t  o f  a  linguisti c directive .  Ou r  goa l  i s t o 

integrat e standar d connectionis t  learnin g method s wit h suc h 
rapi d instructe d learnin g t o for m a  singl e cognitivel y plausi -
bl e model .  Thi s multistrateg y mode l  shoul d hel p explai n bot h 
th e operationalizatio n o f  instructio n int o appropriat e behav -
io r  (Hayes-Rot h e t  al. ,  1980 ;  Mostow ,  1983 )  an d th e interac -
tio n effect s betwee n instructe d learnin g an d exemplar-base d 
learnin g whic h hav e bee n observe d i n humans . 

Our  mode l  i s  base d o n th e observatio n tha t  typica l  connec -
tionis t  weigh t  modificatio n technique s ar e inherentl y to o slo w 
t o accoun t  fo r  instructe d learning .  O f  course ,  larg e weigh t 
change s coul d b e m a d e i n respons e t o instruction ,  bu t  i n net -
work s usin g distribute d representations ,  suc h rapi d weigh t 
modificatio n tend s t o destro y previousl y acquire d knowledg e 
i n dramati c an d unrealisti c  ways .  W e focu s instea d o n model -
in g a  network' s respons e t o instructio n a s change s i n it s  inter -
nal  activatio n state .  W e sugges t  tha t  ou r  promp t  respons e t o 
instructio n i s bes t  see n a s motio n i n activatio n spac e -  a s th e 
settlin g o f  a  network' s activatio n stat e int o a  (typicall y novel ) 
basi n o f  attractio n correspondin g t o th e receive d instruction. ' 

Thi s ide a m a y b e illustrate d b y th e Necke r  cub e net -
wor k (McClellan d e t  al. ,  1986) ,  show n i n Figur e 1 .  Thi s 
smal l  constrain t  satisfactio n networ k model s ou r  perceptio n 
of  th e lin e drawin g o f  a  cube ,  focusin g o n ou r  tendenc y t o 
interpre t  th e drawin g i n on e o f  tw o distinc t  ways .  Th e pro -
cessin g element s i n thi s networ k represen t  particula r  dept h 
assignments ,  "front "  o r  "back" ,  fo r  eac h verte x i n th e cube . 
Connectio n weight s ar e selecte d s o a s t o embod y constraint s 
on th e interpretatio n o f  vertices .  Th e resul t  i s a  recurren t  at -
tracto r  networ k wit h tw o majo r  basin s o f  attractio n i n activa -
tio n space .  I n othe r  words ,  ther e ar e tw o mai n configuration s 
of  uni t  activation s whic h ar e stabl e ove r  tim e -  on e config -
uratio n fo r  eac h interpretatio n o f  th e Necke r  cub e drawing . 
Give n som e startin g level s o f  activatio n fo r  th e processin g 
elements ,  th e networ k wil l  ten d t o settl e int o on e o f  thes e 
attracto r  basins ,  formin g a  coheren t  interna l  representatio n o f 
th e cub e i n activatio n space .  W e m a y bia s th e networ k towar d 
on e interpretatio n ove r  th e othe r  b y providing  inpu t  activatio n 
t o th e appropriat e units .  B y manipulatin g th e inpu t  t o th e unit s 
on on e side ,  w e ca n caus e th e networ k t o rapidl y m o v e fro m 
on e attracto r  basi n t o th e next .  Similarly ,  human s ca n b e tol d 
t o se e th e cub e i n a  differen t  way ,  an d thi s inpu t  ca n chang e 
thei r  perceptio n o f  it . 

Th e receptio n o f  direc t  instructio n m a y b e viewe d a s a  pro -
ces s simila r  t o tha t  embodie d i n thi s Necke r  cub e example . 
I n th e cas e o f  instruction ,  natura l  languag e advic e i s t o b e 

'Thank s ar e du e t o Pau l  Churchlan d fo r  thi s notio n (Churchland , 
1990) . 
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Figur e 1 :  Necke r  Cub e A n d Attracto r  Networ k Figur e 2 :  Generi c Instructabl e Networ k Architectur e 

rapidl y transforme d int o a  coheren t  interna l  representatio n i n 
activatio n spac e -  a  representatio n whic h m a y the n b e use d t o 
modulat e th e behavio r  o f  othe r  network s i n th e performanc e 
of  thei r  tasks .  A s i n th e Necke r  cub e system ,  w e m a y encod e 
thes e interna l  representation s i n th e attractor s o f  a  recurren t 
network .  Learnin g a n instructiona l  languag e m a y b e see n a s 
trainin g th e weight s o f  suc h a n attracto r  networ k s o a s t o for m 
a distinc t  basi n o f  attractio n fo r  ever y meaningfu l  sequenc e 
of  advice .  Mos t  o f  thes e articulate d attractors ^  nee d no t  b e 
explicitl y  traine d ove r  th e cours e o f  languag e learning ,  bu t 
the y m a y c o m e int o existence ,  nonetheless ,  vi a interaction s 
betwee n traine d attractors .  I n thi s way ,  som e "spurious "  at -
tracto r  basin s m a y actuall y b e see n a s serendipitou s basin s i n 
that ,  whil e no t  explicitl y  trained ,  the y hav e interpretation s tha t 
"mak e sense "  i n th e behaviora l  domai n o f  th e network .  Thus , 
onc e th e languag e o f  instructio n i s learned ,  suc h a n attracto r 
networ k m a y rapidl y encod e nove l  advic e simpl y b y movin g 
t o th e correspondin g basi n o f  attraction .  A s i n th e Necke r 
cub e network ,  thi s motio n i n activatio n spac e m a y b e drive n 
by appropriat e inpu t  activation .  Followin g th e lea d o f  man y 
connectionis t  model s o f  natura l  languag e processin g (Cot -
trell ,  1989 ;  Elman ,  1990 ;  St .  Joh n an d McClelland ,  1990) , 
we m a y encod e linguisti c instruction s a s tempora l  sequence s 
of  suc h inpu t  activity ,  allowin g advic e t o "push "  th e networ k 
int o th e appropriat e basi n o f  attraction .  Fo r  thi s strateg y t o 
work ,  suc h a n instructabl e networ k mus t  suppor t  a  distinc t 
stabl e configuratio n o f  activatio n level s fo r  ever y instructio n 
sequenc e whic h migh t  b e presented .  I f  suc h a  combinatoria l 
set  o f  attractor s i s no t  present ,  th e networ k wil l  b e limite d 
i n th e numbe r  o f  differen t  instructio n sequence s tha t  i t  ca n 
understan d an d operationalize .  Wit h articulate d attractor s i n 
place ,  however ,  nove l  instruction s m a y b e quickl y molde d 
int o a  coheren t  activation-base d modulatin g forc e o n som e 
tas k behavior . 

Not e tha t  thi s strateg y o f  modelin g instructe d learnin g i n 
activatio n spac e leave s weigh t  modificatio n i n th e capabl e 
hand s o f  standar d connectionis t  inductiv e learnin g algorithms . 
Thi s allow s instructio n an d inductio n t o procee d i n tande m t o 
solv e comple x learnin g problems .  Also ,  i n additio n t o weigh t 
modification s base d o n behaviora l  feedback ,  Hebbia n learnin g 
m ay b e use d t o strengthe n an d deepe n attractor s whic h ar e 

^Thes e hav e als o bee n calle d componentia l  attractor s (Plau t  an d 
McClelland ,  1993) . 

regularl y visited .  Suc h weigh t  change s woul d increas e th e 
likelihoo d o f  visitin g thos e attractor s i n th e future ,  makin g 
c o m m on instructiona l  memorie s eas y t o instantiate . 

Our  approac h m a y b e illustrate d b y a  generi c networ k archi -
tecture ,  show n i n Figur e 2 .  I n tha t  diagram ,  boxe s represen t 
layer s o f  processin g elements ,  an d arrow s betwee n boxe s rep -
resen t  complet e interconnection s betwee n layers .  Tempora l 
stream s o f  token s i n a n instructiona l  languag e ar e presente d 
at  th e advic e layer ,  an d thi s inpu t  activit y i s use d t o direc t 
th e settlin g o f  th e attracto r  networ k a t  th e pla n layer .  Th e 
stabl e configuratio n o f  activit y level s a t  thep/a/ i  i s the n use d 
t o modulat e th e behavio r  o f  a  tas k oriente d network ,  muc h 
lik e th e "plan "  laye r  o f  a  Jorda n networ k (Jordan ,  1986) .  Th e 
connectio n weight s ma y b e traine d usin g a  standar d inductiv e 
learnin g technique ,  suc h a s backpropagation ,  wit h a n erro r 
signa l  provide d onl y o n actua l  tas k performance .  Thi s allow s 
th e languag e o f  instructio n t o b e learne d i n th e servic e o f  a 
tas k (St .  John ,  1992) .  Suc h inductiv e learnin g m a y als o b e 
use d t o shap e tas k performanc e throug h experience .  Onc e 
th e instructiona l  languag e i s learned ,  however ,  ne w behavior s 
m ay b e elicite d a t  th e spee d o f  activatio n propagation ,  with -
out  furthe r  weigh t  modification ,  simpl y b y presentin g a  nove l 
strea m o f  advice . 

I n summary ,  ou r  genera l  strateg y involves : 

•  encodin g instruction s a s tempora l  inpu t  sequences ; 

•  trainin g a  recurren t  networ k (th e pla n network )  t o for m 
combinatoria l  representation s o f  thes e sequence s i n it s 
basin s o f  attractio n -  representation s shape d b y erro r  feed -
bac k fro m anothe r  networ k (th e domai n tas k network) , 
whic h use s activit y i n th e pla n networ k t o modulat e th e 
performanc e o f  som e specifi c  task ; 

•  providin g furthe r  inductiv e trainin g a s appropriate ,  allow -
in g fo r  th e interactio n o f  exemplar-base d inductiv e learnin g 
wit h learnin g fro m instruction . 

Thi s pape r  present s a n initia l  examinatio n o f  thi s approac h 
t o instructe d learning .  O f  particula r  interes t  i s th e plausibilit y 
of  th e clai m tha t  a  connectionis t  networ k m a y b e traine d t o 
promptl y transfor m a  tempora l  sequenc e o f  instruction s int o 
appropriat e behavio r  i n som e domain .  T o tes t  thi s assertion , 
some network s wer e mad e t o follo w instruction s concernin g 
a combinatori c discret e mappin g tas k an d other s wer e traine d 
t o immediatel y implemen t  algorithmi c instruction s fo r  binar y 
arithmetic .  Thes e network s wer e constructe d withou t  th e ben -

370 



efi t  o f  stabl e attractor s a t  th e pla n layer ,  s o activit y  a t  tha t  laye r 
was artificiall y  "frozen "  onc e advic e wa s receive d (St .  Joh n 
and McClelland ,  1990) .  Th e utilit y  o f  articulate d attractor s 
at  th e pla n laye r  wil l  b e th e primar y focu s o f  futur e work . 
The detail s o f  thes e tw o experiment s ar e presente d below , 
followin g a  brie f  overvie w o f  relate d work . 

Alternative Approaches 

We are not the first to propose a technique for the direct 
instructio n o f  connectionis t  models .  Indeed ,  earl y connec -
tionis t  network s usin g "localist "  approache s wer e frequentl y 
"instructed "  throug h th e direc t  assignmen t  o f  networ k param -
eter s b y knowledgeabl e researchers .  Thi s wa s possibl e sinc e 
th e network s involve d parameter s wit h wel l  understoo d se -
mantics .  I n suc h a  framework ,  "instruction "  wa s essentiall y 
"programming" ,  involvin g th e specificatio n o f  processin g el -
ements ,  connection s betwee n elements ,  an d specifi c  connec -
tio n weights .  S o m e system s automate d a  larg e portio n o f  thi s 
process ,  allowin g symboli c rule s t o b e directl y compile d int o 
networ k parameter s (Cottrell ,  1985 ;  Davis ,  1989) .  Th e mai n 
drawbac k o f  thi s "weigh t  compilation "  approac h i s th e con -
strain t  tha t  i t  place s o n th e representationz d scheme s availabl e 
t o th e network .  Specifically ,  sinc e th e semantic s o f  networ k 
component s ar e fixed,  network s o f  thi s kin d ar e no t  fre e t o 
for m arbitrar y distribute d representation s appropriat e fo r  th e 
demands o f  th e task . 

S o me researcher s hav e generate d networ k model s whic h 
ar e instructabl e i n thi s "weigh t  compilation "  manne r  bu t  ar e 
stil l  fre e t o develo p arbitrar y interna l  distribute d represen -
tation s throug h inductiv e training .  I n general ,  network s o f 
thi s kin d ma y onl y b e instructe d befor e inductiv e trainin g be -
gins ,  becaus e standar d connectionis t  learnin g method s ofte n 
chang e th e representationa l  natur e o f  weigh t  value s i n har d t o 
predic t  ways ,  makin g th e direc t  manipulation  o f  thos e weight s 
i n respons e t o instructio n quit e problematic .  O n e solutio n t o 
thi s proble m involve s occasionall y normalizin g weigh t  val -
ues bac k t o configuration s whic h ar e "meaningful "  t o th e 
weigh t  compilatio n process .  Thi s ma y b e don e b y identifyin g 
and extractin g th e "rules "  embodie d i n th e traine d networ k 
and the n resettin g weigh t  value s t o encod e exactl y thos e ex -
tracte d rules .  Onc e rese t  i n thi s way ,  n e w instruction s m a y 
be incorporate d int o th e networ k an d th e proces s o f  inductiv e 
learnin g ma y begi n again .  Weigh t  compilatio n approache s o f 
thi s kin d hav e bee n successfull y use d t o encod e propositiona l 
logi c rule s (Towel l  an d Shavlik ,  1994) ,  "fuzzy "  classificatio n 
rule s (Tres p e t  al. ,  1993) ,  simpl e mappin g rule s (McMilla n 
et  al. ,  1991) ,  th e transition s o f  finite  stat e automat a (Gile s 
and Omlin ,  1993) ,  an d advic e fo r  a n agen t  i n a n artificia l 
environmen t  (Macli n an d Shavlik ,  1994) . 

Unfortunately ,  non e o f  thes e model s provid e a  connection -
is t  explanatio n fo r  h o w instruction s ar e compile d int o th e 
network .  Als o missin g i s a  connectionis t  mechanis m fo r  th e 
rul e extractio n proces s whic h i s neede d t o "reset "  th e seman -
tic s o f  weigh t  values .  Bot h o f  thes e processes ,  compilatio n 
and extraction ,  requir e th e direc t  manipulatio n o f  th e process -
in g element s an d th e globa l  coordinatio n o f  weigh t  values . 
Whil e a  connectionis t  explanatio n fo r  thes e dynami c globa l 
restructurin g processe s ma y b e possible ,  i t  i s  no t  clea r  wha t 
for m suc h a n explanatio n woul d take . 

Perhap s th e mos t  importan t  criticis m o f  thes e models ,  how -

ever ,  i s  tha t  th e "languag e o f  thought "  i s  preordaine d b y th e 
researcher .  I n orde r  t o continu e t o receiv e instructio n afte r 
inductiv e learnin g ha s begun ,  th e model s mus t  continuousl y 
reformulat e thei r  knowledg e i n th e terminolog y o f  explici t  lin -
guisti c instruction .  Inductivel y learne d nuance s ar e discarde d 
durin g rul e extraction ,  leavin g thes e model s wit h a  behavio r 
tha t  i s  consistentl y analogou s t o symboli c rul e following .  I n 
essence ,  thes e model s ar e trappe d i n th e first  stag e o f  skil l  ac -
quisitio n an d canno t  escap e (Rumelhar t  an d Norman ,  1978) . 

By placin g instruction s i n activatio n space ,  al l  o f  thes e 
problem s m a y b e avoided .  Inductiv e weigh t  modification s 
and instructio n followin g m a y procee d simultaneously ,  an d 
the y m a y complemen t  o r  interfer e wit h eac h othe r  i n comple x 
ways . 

Instructed Associations 

A numbe r  o f  initia l  experiment s hav e bee n conducted ,  fo -
cusin g solel y o n th e abilit y  o f  recurren t  backpropagatio n net -
work s (Rumelhar t  e t  al. ,  1986 )  t o lear n t o operationaliz e in -
struction .  I n particular ,  issue s concernin g th e benefit s o f  at -
tracto r  networ k dynamic s fo r  generalizatio n t o nove l  advic e 
hav e bee n lef t  fo r  late r  inquiries .  Fo r  thes e initia l  experiments , 
uni t  activation s a t  th e pla n laye r  ar e artificiall y  "frozen "  i n 
orde r  t o provid e a  stabl e interna l  representatio n o f  inpu t  in -
structio n sequences .  Th e goa l  o f  thes e earl y experiment s i s 
t o demonstrat e tha t  a  languag e o f  instructio n m a y b e learne d 
inductivel y solel y fro m erro r  feedbac k o n actua l  tas k perfor -
mance. 

Our  first  experimen t  focuse s o n th e abilit y  o f  thes e network s 
t o lear n t o follo w instruction s concernin g a  simpl e associa -
tiona l  mapping .  Ou r  domai n tas k involve s mappin g input s 
fro m a  finite  se t  int o output s fro m th e sam e set .  Correc t 
mappin g behavio r  i s no t  specifie d b y a  collectio n o f  labele d 
examples ,  however ,  bu t  b y th e direc t  communicatio n o f  map -
pin g rules .  Thes e rule s m a y b e viewe d a s statement s suc h 
as,  " W h e n yo u se e rock ,  sa y paper. "  U p o n presentatio n o f 
suc h rules ,  th e networ k i s t o immediatel y chang e it s behavio r 
accordingly .  Inductiv e trainin g i s use d durin g a n initia l  phas e 
i n whic h th e networ k learn s th e instructiona l  language ,  bu t 
onc e thi s initia l  trainin g i s complete ,  instructio n followin g 
may procee d withou t  weigh t  modification .  Also ,  thi s initia l 
trainin g phas e expose s th e mode l  t o onl y a  fractio n o f  th e pos -
sibl e mappings ,  an d th e networ k i s expecte d t o generaliz e it s 
instructio n followin g behavio r  t o nove l  instructio n sequences . 

Th e model ,  inspire d b y th e architectur e o f  th e Sentenc e 
Gestal t  networ k (St .  Joh n an d McClelland ,  1990) ,  i s  show n 
i n Figur e 3 .  Th e boxe s represen t  layer s o f  sigmoida l  process -
in g element s an d arrow s betwee n boxe s represen t  complet e 
interconnection s betwee n layers .  Laye r  size s ar e show n i n 
parentheses .  Symboli c instructio n tokens ,  eac h encode d a s 
localis t  "1-out-of-N "  activatio n vectors ,  wer e presente d se -
quentiall y  a t  th e advic e inpu t  layer ,  an d activatio n wa s prop -
agate d throug h th e recurren t  "Pla n Network "  t o produc e a 
patter n o f  activatio n a t  th e pla n layer .  Eac h mappin g rul e wa s 
encode d a s a  sequenc e o f  thre e o f  thes e instructio n token s ( a 
delimite r  followe d b y th e input/outpu t  pair )  an d eac h com -
plet e mappin g consiste d o f  thre e suc h rules .  Fo r  example ,  th e 
nin e toke n advic e sequence : 

^  ROCK PAPER 
=> SCISSORS ROCK 
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=> P A P E R S C I S S O R S 

was use d t o communicat e th e thre e rules ,  "whe n yo u se e 
R O C K,  sa y PAPER" ,  "whe n yo u se e S C I S S O R S ,  sa y ROCK" , 
and "whe n yo u se e P A P E R,  sa y S C I S S O R S " .  W h e n th e pre -
sentatio n o f  a  sequenc e o f  instructio n token s wa s complete , 
th e activatio n a t  th e pla n laye r  wa s "frozen "  an d use d t o mod -
ulat e th e behavio r  o f  th e "Mappin g Network "  a s i t  performe d 
th e desire d mapping .  Inpu t  tokens ,  als o encode d i n a  localis t 
fashion ,  wer e presente d a t  th e inpu t  layer ,  an d th e network' s 
respons e wa s rea d fro m th e outpu t  layer .  Durin g th e ini -
tia l  trainin g phase ,  mea n square d erro r  wa s the n compute d 
at  th e outpu t  layer ,  base d o n th e mos t  recentl y presente d in -
structions ,  an d thi s erro r  wa s backpropagate d t o allo w fo r 
weigh t  modification s throughou t  th e network .  Th e detail s 
of  thi s trainin g procedur e wer e m u c h lik e thos e o f  th e Sen -
tenc e Gestal t  model .  I n particular ,  erro r  wa s backpropagate d 
throug h recurren t  connection s fo r  onl y a  singl e tim e step ,  an d 
erro r  wa s compute d afte r  th e presentatio n o f  eac h instructio n 
token .  A  learnin g rat e o f  0.0 5 wa s used ,  wit h n o momentum . 
Thi s initia l  inductiv e trainin g perio d wa s ende d whe n perfec t 
performanc e wa s achieve d o n a  trainin g se t  o f  instructio n se -
quences ,  o r  whe n thi s trainin g se t  ha d bee n presente d 500 0 
times . 

Trainin g set s o f  nin e differen t  size s wer e examined ,  an d 
five  differen t  rando m initia l  weigh t  set s wer e used .  Almos t 
al l  o f  thes e trial s resulte d i n 1 0 0 % accurac y o n th e trainin g 
set  withi n th e limi t  o f  500 0 epochs .  I n othe r  words ,  thes e net -
work s consistentl y learne d t o operationaliz e th e instruction s 
on whic h the y wer e trained .  A s show n i n Figur e 3 ,  general -
izatio n performanc e wa s als o good ,  wit h accurac y value s o n 
non-trainin g se t  instructio n sequence s appearin g wel l  abov e 
th e chanc e leve l  o f  3 3 % correct .  Not e tha t  trainin g se t  siz e i s 
expresse d i n thi s figure  a s a  percentag e o f  th e tota l  numbe r  o f 
possibl e instructio n sequences .  Thre e discret e input s gav e 2 7 
possibl e mappings .  Fo r  eac h mapping ,  ther e wer e 6  possibl e 
permutation s o f  th e mappin g rules ,  fo r  a  tota l  o f  16 2 possibl e 
instructio n sequences . 

Whil e ver y simple,  thi s discret e mappin g tas k pose s inter -
estin g problem s fo r  inductiv e connectionis t  learning .  Appro -
priat e syste m behavio r  depend s entirel y o n th e give n instruc -
tions .  Ther e ar e n o othe r  environmenta l  regularitie s fo r  th e 
networ k t o discove r  durin g training .  Onc e completel y traine d 
t o "understand "  th e instructiona l  language ,  th e networ k i s re -
quire d t o modif y  it s behavio r  immediatel y upo n receip t  o f  ne w 

instructions ,  withou t  furthe r  weigh t  modification .  Th e wa y i n 
whic h thi s discret e mappin g proble m force s th e networ k t o 
generaliz e i n a  systemati c manne r  ove r  th e spac e o f  instruc -
tio n sequence s make s thi s a  difficul t  learnin g problem ,  an d i t 
als o make s i t  a n idea l  domai n i n whic h t o tes t  th e powe r  o f 
th e propose d networ k architecture .  Th e result s demonstrat e 
tha t  associationa l  mappin g instruction s ca n indee d b e opera -
tionalize d b y network s o f  thi s kind .  However ,  thes e result s 
als o sugges t  a  nee d fo r  a  mechanis m t o improv e generaliza -
tio n performanc e (Noell e an d Cottrell ,  1994 )  -  a  nee d whic h 
migh t  b e me t  b y th e incorporatio n o f  a n attracto r  networ k a t 
th e pla n layer . 

Instructed Algorithms 

Our  secon d experimen t  extend s ou r  tas k domai n int o th e real m 
of  sequentia l  procedures .  Th e goa l  i s t o demonstrat e th e abil -
it y o f  thes e recurren t  network s t o handl e instruction s concern -
in g comple x sequence s o f  action .  T o thi s end ,  w e focu s o n 
th e domai n o f  arithmeti c o n arbitraril y  larg e binar y integers . 
I n previou s wor k i t  wa s show n tha t  recurren t  neura l  network s 
may b e inductivel y traine d t o perfor m a  systemati c procedur e 
fo r  multi-colum n additio n (Cottrel l  an d Tsung ,  1993) .  Her e 
we wis h t o examin e th e possibilit y  o f  modulatin g suc h al -
gorithmi c behavio r  throug h direc t  instruction .  Instructiona l 
tokens ,  eac h representin g som e atomi c action ,  ar e t o b e use d 
t o communicat e a  sequentia l  metho d fo r  binar y additio n o r 
subtractio n t o a  network ,  an d tha t  networ k i s t o b e traine d t o 
immediatel y implemen t  th e specifie d procedure . 

The genera l  structur e o f  th e Cottrel l  &  Tsun g additio n 
model  wa s use d a s th e basi s o f  ou r  "Arithmeti c Network" , 
show n i n Figur e 4 .  Unde r  thi s approach ,  arithmeti c wa s see n 
as th e iterativ e transformatio n o f  a  writte n representatio n o f 
tw o argumen t  integers .  Th e tw o number s ar e assume d t o b e 
writte n s o tha t  column s align ,  an d a n attentiona l  mechanis m 
i s assume d t o focu s processin g o n on e digi t  colum n a t  a  time . 
Solvin g a n arithmeti c proble m involve s iterativel y performin g 
a sequenc e o f  action s fo r  eac h colum n an d the n attendin g t o 
th e next .  I n term s o f  th e networ k architecture ,  th e digit s inpu t 
laye r  containe d a  representatio n o f  th e tw o digit s  i n th e curren t 
colum n (plu s a n extr a inpu t  uni t  t o signa l  whe n n o column s 
remained) .  Th e action s outpu t  laye r  specifie d th e actio n t o b e 
take n o n th e curren t  tim e step ,  whic h wa s on e of :  "writ e a 
give n digi t  a s th e resul t  fo r  th e curren t  column" ,  "announc e a 
carr y o r  borrow" ,  "mov e t o th e nex t  column" ,  o r  "announc e 
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completio n o f  th e curren t  problem" .  T h e "Arithmeti c Net -
work "  include d a  recurren t  hidde n layer ,  whic h wa s neede d 
bot h t o produc e a  sequentia l  outpu t  an d t o " remember "  th e 
potentia l  presenc e o f  a  carr y o r  borro w fro m th e processin g 
of  th e previou s column . 

As i n th e discret e mapp in g experiment ,  th e behavio r  o f  thi s 
domai n tas k networ k w a s t o b e specifie d b y a  strea m o f  in -
put  instructio n tokens .  Differen t  instructio n sequence s coul d 
specif y differen t  ordering s fo r  set s o f  standar d action s (e.g. , 
announcin g th e carr y befor e o r  afte r  recordin g th e digi t  s u m )  o r 
coul d specif y completel y differen t  arithmeti c operation s (e.g. , 
subtractio n rathe r  tha n addition) .  Eac h sequenc e describe d 
thre e action s whic h wer e t o b e applie d i n th e give n orde r  t o 
eac h co lum n o f  digits .  Fo r  example ,  th e usua l  for m o f  ad -
ditio n wa s specifie d as ,  " W R I T E - S U M A N N O U N C E - C A R RY 
N E X T - C O L U M N ".  Onl y si x suc h instructio n sequence s con -
stitute d meaningfu l  procedures : 

ANNOUNCE-CARRY WRITE-SU M NEXT-COLUMN 
WRITE-SUM NEXT-COLUMN ANNOUNCE-PREV-CARRY 

WRITE-SUM ANNOUNCE-CARRY NEXT-COLUMN 
ANNOUNCE-BORROW WRITE-DIF F NEXT-COLUMN 

WRITE-DIF F NEXT-COLUMN ANNOUNCE-PREV-BORROW 
WRITE-DIF F ANNOUNCE-BORROW NEXT-COLUMN 

Despit e th e extremel y smal l  siz e o f  thi s se t  o f  possibl e algo -
rithms ,  makin g generalizatio n unlikely ,  th e las t  o f  th e subtrac -
tio n sequence s wa s avoide d durin g th e initia l  trainin g phase ,  t o 
be used ,  instead ,  a s a  tes t  o f  generalization .  Still ,  th e primar y 
goal  wa s t o hav e th e networ k exhibi t  appropriat e behavio r 
when presente d wit h an y on e o f  th e trainin g se t  instructio n 
sequences . 

Thi s networ k wa s operate d an d traine d i n muc h th e sam e 
manner  a s th e discret e mappin g network .  Instructio n token s 
wer e presente d sequentiall y  a t  th e advic e inpu t  layer ,  usin g a 
localis t  code ,  an d activit y wa s propagate d throug h th e "Pla n 
Network "  t o produc e a  pla n laye r  activatio n vecto r  repre -
sentin g th e entir e instructio n sequence .  Activatio n a t  th e pla n 
laye r  wa s the n "frozen "  an d use d a s a n inpu t  t o th e "Arithmeti c 
Network" ,  whic h the n performe d th e specifie d procedur e o n 
a collectio n o f  binar y numbe r  pairs. '  Trainin g wa s conducte d 
as i n th e discret e mappin g network ,  wit h erro r  compute d afte r 
th e presentatio n o f  eac h instructio n toke n an d backpropagate d 

throug h recurren t  connection s fo r  onl y a  singl e tim e step . 
A larg e numbe r  o f  experiment s wer e conducte d usin g thi s 

architectur e an d task ,  varyin g hidde n laye r  size s an d detail s 
of  th e trainin g regimen .  A s Figur e 4  demonstrates ,  i t  wa s 
possibl e t o achiev e perfec t  performanc e o n th e trainin g se t 
of  instructio n sequences ,  bu t  generalizatio n wa s essentiall y 
not  achieved.' '  Still ,  th e primar y goa l  o f  thi s experimen t  wa s 
attained .  Th e resultin g mode l  wa s capabl e o f  performin g 
a numbe r  o f  differen t  version s o f  additio n an d subtraction , 
and i t  coul d immediatel y modif y it s behavior ,  withou t  weigh t 
adaptation ,  t o matc h on e o f  thes e algorithm s upo n presentatio n 
of  th e appropriat e instructions .  Thi s experimen t  ha s show n 
tha t  th e propose d connectionis t  framewor k i s sufficien t  t o 
allo w comple x tempora l  behavior s t o b e modulate d b y inpu t 
advice . 

Conclusion 

As a n initia l  smal l  ste p toward s a  comprehensiv e mode l  o f  hu -
man learning ,  w e hav e propose d a  connectionis t  framewor k 
fo r  "learnin g b y bein g told" .  Ou r  approac h view s linguisti c 
advic e a s tempora l  inpu t  stream s t o a  recurren t  network ,  an d 
th e operationalizatio n o f  tha t  advic e i s see n a s motio n i n th e 
activatio n spac e o f  tha t  network .  "Meaningful "  instructio n 
sequence s ar e internall y represente d b y stabl e articulate d at -
tractor s i n tha t  space ,  an d thes e attractor s aris e eithe r  i n th e 
proces s o f  learnin g th e instructiona l  languag e o r  i n late r  Heb -
bia n modification s resultin g fro m th e repeate d instantiatio n 
of  neighborin g attractors .  B y locatin g instructe d learnin g i n 
activatio n space ,  ou r  framewor k avoid s th e problem s inheren t 
i n "weigh t  compilation "  approaches ,  an d provide s a  mean s 
fo r  integratin g inductio n an d instruction . 

I n thi s paper ,  w e hav e pu t  of f  a n examinatio n o f  attrac -
to r  dynamic s an d hav e focused ,  instead ,  o n establishin g th e 
abilit y  o f  connectionis t  network s t o inductivel y lear n a n in -
structiona l  language .  W e hav e demonstrate d successfu l  in -
structio n followin g behavio r  i n bot h a  combinatori c mappin g 
tas k an d i n a  domai n involvin g th e performanc e o f  systemati c 
procedures .  I n bot h domains ,  network s inductivel y acquire d 

'Typically ,  al l  numbe r  pair s o f  u p t o thre e digit s i n lengt h wer e 
used t o provid e trainin g problems . 

"•Th e accurac y measuremen t  show n i n Figur e 4  i s a  measur e o f 
correc t  action s ove r  time .  Th e displaye d 7 4 % generalizatio n accu -
rac y show s tha t  man y action s wer e performe d correctly ,  bu t  i t  mask s 
th e fac t  tha t  systemati c mistake s o n th e tes t  se t  instructio n sequenc e 
kept  th e networ k fro m attainin g th e complet e correc t  answe r  fo r  eve n 
a singl e subtractio n proble m whe n give n thi s instructio n sequence . 
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th e abilit y  t o operationaliz e instructions ,  wit h erro r  feedbac k 
provide d onl y fo r  actua l  behavio r  o n th e task .  Th e require -
ment s o f  th e domai n drov e th e representationa l  structur e a t 
th e pla n layer .  Th e abilit y  o f  thes e network s t o understan d 
nove l  instructio n sequence s wa s als o quit e reasonable ,  espe -
ciall y considerin g thei r  limite d exposur e t o th e instructiona l 
language ,  bu t  ther e i s stil l  muc h roo m fo r  improvemen t  here . 
I n particular ,  th e utilit y  o f  attracto r  networ k dynamic s fo r 
generalizatio n t o nove l  advic e sequences ,  a  ke y featur e o f  ou r 
model ,  ha s no t  ye t  bee n tested .  W e conjectur e tha t  th e in -
troductio n o f  a n attracto r  networ k a t  th e pla n laye r  wil l  giv e 
ris e t o articulate d attractor s i n activatio n spac e an d tha t  thes e 
wil l  facilitat e systemati c generalizatio n t o nove l  sequence s o f 
instruction .  Examinin g thi s clai m wil l  b e th e primar y ai m o f 
futur e work . 

I f  connectionis m i s t o provid e a  unifie d modelin g frame -
wor k fo r  huma n learning ,  i t  mus t  incorporat e a  variet y o f 
learnin g strategies .  Inductiv e generalizatio n form s a  natu -
ra l  foundatio n fo r  suc h a  framework ,  sinc e s o man y learnin g 
problem s ma y b e expresse d i n term s o f  statistica l  induction . 
Instructiona l  learnin g i s a  natura l  partne r  fo r  induction ,  sinc e 
i t  i s  stron g wher e inductio n i s weak .  Learnin g fro m instruc -
tio n i s fas t  compare d t o inductiv e learning ,  an d it s resistanc e 
t o negativ e contingencie s make s i t  especiall y usefu l  fo r  learn -
in g difficul t  behavior s wit h delaye d rewards .  Perhap s mos t 
importantly ,  linguisti c instructio n i s a  primar y mean s o f  effi -
cientl y transferrin g th e vas t  collectio n o f  accumulate d cultura l 
knowledg e t o eac h individual .  Learnin g fro m instructio n ha s 
become a  critica l  componen t  o f  huma n development ,  s o i t 
i s  natura l  t o mak e i t  a  centra l  focu s o f  effort s i n cognitiv e 
modeling . 
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