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Abstrac t 

Scientifi c  inductio n involve s a n iterativ e proces s o f  hypoth -
esi s formulation ,  testing ,  an d refinement .  Peopl e i n ordinar y 
lif e appea r  t o undertak e a  simila r  proces s i n explainin g thei r 
world .  W e believ e tha t  i t  i s  instructiv e t o stud y rul e inductio n 
i n connectionis t  system s fro m a  simila r  perspective .  W e pro -
pos e a n approach ,  calle d th e Connectionis t  Scientis t  Game,  i n 
whic h symboli c condition-actio n rule s ar e extracte d fro m th e 
learne d connectio n strength s i n a  network ,  thereb y formin g 
explici t  hypothese s abou t  a  domain .  Th e hypothese s ar e teste d 
by injectin g th e rule s bac k int o th e networ k an d continuin g th e 
trainin g process .  Thi s extraction-injectio n proces s continue s 
unti l  th e resultin g rul e bas e adequatel y characterize s th e 
domain .  B y exploitin g constraint s inheren t  i n th e domai n o f 
symboli c string-to-strin g mappings ,  w e sho w ho w a  connec -
tionis t  architectur e calle d RuleNe t  ca n induc e explicit ,  sym -
boli c condition-actio n rule s fro m examples .  RuleNet' s 
performanc e i s fa r  superio r  t o tha t  o f  a  variet y o f  alternativ e 
architecture s we'v e examined .  RuleNe t  i s capabl e o f  handlin g 
domain s havin g bot h symboli c an d subsymboli c components , 
and thu s show s greate r  potentia l  tha n purel y symboli c learnin g 
algorithms .  Th e forma l  strin g manipulatio n tas k performe d b y 
RuleNe t  ca n b e viewe d a s a n abstractio n o f  severa l  interestin g 
cognitiv e model s i n th e connectionis t  literature ,  includin g cas e 
rol e assignmen t  an d th e mappin g o f  orthograph y t o phonol -

ogy -

Introduction 

A cognitive behavior may be characterized in terms of a 
transformatio n fro m a n initia l  cognitiv e stat e t o a  targe t 
cognitiv e state .  Ther e ar e m a n y w a y s o f  specifyin g thi s 
transformation .  A t  on e extreme ,  a n enumeratio n o f 
input/outpu t  pair s provide s a  descriptio n o f  th e transfor -
mation ,  bu t  suc h a  lis t  i s  no t  particularl y satisfyin g o r 
concis e becaus e i t  doe s no t  explicitl y  captur e regulari -
tie s o f  a  domain .  A n alternativ e i s a  se t  o f  symboli c con -
dition-actio n rule s tha t  provide s a n algorith m fo r 
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performin g th e transformation .  T h e notio n o f  explici t 
rule s ha s playe d a n importan t  rol e i n cognitiv e modelin g 
becaus e rule s ar e a  descriptive ,  readil y comprehensible , 
an d powerfu l  representationa l  language ,  an d becaus e 
peopl e appea r  t o exhibi t  rule-governe d behavio r  w h e n 
performin g highe r  cognitiv e tasks .  However ,  rule-base d 
characterization s ar e ofte n brittl e an d incomplete ,  an d 
mechanism s fo r  learnin g condition-actio n rule s fro m 
scratc h hav e no t  bee n extensivel y studied . 

T o mode l  th e proces s b y whic h peopl e acquir e rules , 
i t  i s  instructiv e t o examin e theor y constructio n i n scien -

tifi c  domains .  Scientist s approac h a  domai n first  b y 
observation ,  an d then ,  arme d wit h initia l  intuitions ,  for -
mulat e explici t  hypothese s concernin g regularitie s i n th e 
domain .  Suc h hypothese s ca n b e teste d b y experimenta -
tion ,  allowin g fo r  a n iterativ e refinemen t  o f  th e hypothe -
se s unti l  eventuall y th e hypothese s ar e consisten t  wit h 
th e observations .  W e cal l  thi s proces s o f  iterativ e 
hypothesi s formulatio n an d refinemen t  th e Scientis t 
G a m e.  W e conjectur e tha t  rul e acquisitio n b y peopl e i n 
ordinar y lif e involve s a  ver y simila r  process ,  on e i n 
whic h peopl e pla y th e rol e o f  th e scientis t  an d th e 
hypothese s tak e th e for m o f  explici t  rule s i n a  give n 
domain . 

Thi s pape r  propose s a  modificatio n o f  th e scientis t 
g a m e,  calle d th e Connectionis t  Scientis t  G a m e ,  a s a 
techniqu e fo r  hypothesizin g an d refinin g a  se t  o f  rule s 
throug h inductio n i n a  connectionis t  network .  Th e Con -
nectionis t  Scientis t  G a m e i s a n iterativ e proces s tha t 
involve s first  trainin g a  networ k o n a  se t  o f  input/outpu t 
examples ,  whic h correspond s t o th e scientis t  developin g 
intuition s abou t  a  domain .  Afte r  a  certai n amoun t  o f 
exposur e t o th e domain ,  symboli c rule s ar e extracte d 
fro m th e connectio n strength s i n th e network ,  thereb y 
formin g explici t  hypothese s abou t  th e domain .  Th e 
hypothese s ar e teste d b y injectin g th e rule s bac k int o th e 
networ k an d continuin g th e trainin g process .  Thi s 
extraction-injectio n proces s continue s unti l  th e resultin g 
rul e bas e adequatel y characterize s th e domain . 

Althoug h th e vie w hel d b y m a n y neura l  ne t  research -
er s i s tha t  explici t  rule s ar e unnecessar y (e.g. ,  Rumelhar t 
and McClelland ,  1986) ,  th e Connectionis t  Scientis t 
G a me suggest s tha t  rule s ca n b e exploite d i n connec -

tionis t  network s i n severa l  importan t  ways :  1 )  a s a 
means fo r  bette r  understandin g th e inne r  working s o f  a 
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networ k (McMilla n &  Smolensky ,  1988) ,  2 )  a s a  tech -
niqu e fo r  increasin g learnin g speed ,  3 )  a s a  mean s o f 
constrainin g -  an d thereb y improvin g -  generalization , 
and 4 )  a s a  wa y o f  bridgin g th e ga p betwee n sub-con -
ceptua l  an d conceptua l  level s o f  cognitiv e processin g 

(Smolensky ,  1988) . 

We describ e a n architectur e calle d RuleNet ,  which , 
base d o n a  characterizatio n o f  th e tas k domain ,  play s th e 

Connectionis t  Scientis t  Game.  Althoug h connectionis t 
network s ar e ofte n conceptualize d a s embodyin g 
implici t  rules ,  th e RuleNe t  architectur e embodie s rule s 
explicitly .  I n th e followin g section s w e describ e th e 
domai n toward s whic h thi s wor k i s currentl y directed , 
th e tas k an d networ k architecture ,  simulation s tha t  dem -
onstrat e th e potentia l  fo r  thi s approach ,  an d finally , 
futur e direction s o f  th e researc h leadin g toward s mor e 
genera l  an d comple x domains . 

Domain 

We are interested in intrinsically rule-based domains 
tha t  ma p inpu t  string s o f  n  symbol s t o outpu t  string s of/ i 
symbols .  Rule-base d mean s tha t  th e mappin g functio n 
can b e completel y characterize d b y explicit ,  mutuall y 
exclusiv e condition-actio n rules .  A  conditio n i s a  featur e 
or  combinatio n o f  feature s necessaril y  presen t  i n eac h 
inpu t  i n orde r  fo r  a  give n rul e t o apply ,  an d a n actio n 
describe s th e mappin g t o b e performe d o n eac h inpu t  i f 
th e rul e doe s apply .  Fo r  example ,  a  typica l  conditio n 
migh t  b e tha t  th e symbo l  A  mus t  b e presen t  a t  th e begin -
nin g o f  th e inpu t  string .  Th e strin g A B C D meet s thi s 
condition ,  whil e th e strin g B C D A doe s not .  A  typica l 
actio n migh t  b e t o switc h th e first  tw o symbol s i n th e 
input ,  replac e th e thir d symbo l  wit h th e symbo l  A ,  an d 
cop y th e remainde r  o f  th e inpu t  exactl y t o th e outpu t 
string ,  e.g. ,  A B C D — B A A D . 

I n thes e simulation s w e allo w thre e type s o f  condi -
tions :  1 )  a  simpl e condition ,  whic h state s tha t  symbo l  s 
must  b e presen t  i n slo t  x  o f  th e inpu t  strin g i n orde r  fo r  a 
rul e t o apply ,  2 )  a  conjunctio n o f  tw o simpl e conditions , 
and 3 )  a  disjunctio n o f  tw o simpl e conditions .  Th e 
actio n performe d b y a  rul e i s t o produc e a n outpu t  strin g 
i n whic h th e valu e o f  eac h slo t  i s  eithe r  a  constan t  o r  a 
functio n o f  a  particula r  inpu t  slot ,  wit h th e additiona l 
constrain t  tha t  eac h inpu t  slo t  map s t o a t  mos t  on e out -
put  slot .  I n th e presen t  work ,  thi s functio n o f  th e inpu t 
slot s i s th e identit y function ,  an d a  constan t  i s  an y sym -
bol  i n th e outpu t  alphabet . 

The numbe r  o f  possibl e rule s i n a  give n domai n i s 
dependen t  upo n th e lengt h o f  th e strings ,  n ,  an d th e siz e 
k o f  th e input/outpu t  alphabets .  Th e numbe r  o f  possibl e 
rule s is : 

2((A:+l)''- p J* ' (^ ) 

I- 0 

whic h i s a n exponentia l  functio n o f  n . 

An exampl e o f  suc h a  rul e fo r  string s o f  lengt h thre e 
over  th e input/outpu t  alphabe t  {A ,  B ,  C ,  D ,  E ,  F ,  G ,  H } 

is : 

if (inputJ = i4 A inputj = G) then 

(output j  =  inputj ,  output 2 =  input2 ,  output j  =  B ) 

where input^ denotes slot a of the input string, and out-
put p denote s slo t  p  o f  th e outpu t  string .  A s a  shorthan d 
fo r  thi s rule ,  w e writ e [ a A _ G — 32B] ,  wher e th e squar e 
bracket s indicat e thi s i s a  rule ,  th e "a "  denote s a  con -
junctiv e condition ,  an d th e "_ "  denote s a  wildcar d sym -
bol .  A  disjunctio n i s denote d b y "v" . 

Thi s forma l  strin g manipulatio n tas k ca n b e viewe d a s 
an abstractio n o f  severa l  interestin g cognitiv e model s i n 
th e connectionis t  literature .  Fo r  exampl e Miikkulaine n 
and Dye r  (1988 )  hav e buil t  a  cas e rol e assignmen t  net -
wor k tha t  map s syntacti c constituent s o f  a  sentenc e int o 
thei r  semanti c roles .  Thi s amount s t o copyin g th e repre -
sentatio n o f  say ,  a  sentenc e subject ,  suc h a s boy ,  t o a  rol e 
slo t  i n th e output ,  suc h a s agent .  NETtal k (Sejnowsk i 
and Rosenberg ,  1987 )  an d McClellan d an d Rumelhart' s 
past  tens e mode l  (1986 )  ar e tw o furthe r  example s o f 
problem s tha t  migh t  b e viewe d a s strin g mappin g prob -
lems ,  althoug h implementin g the m i n th e framewor k 
describe d abov e require s sligh t  modification s t o th e 
origina l  approach . 

Task 

The task RuleNet must perform is to induce a compact 
set  o f  rule s tha t  accuratel y characteriz e a  se t  o f  trainin g 
examples .  Not e tha t  an y corpu s o f  example s ha s a t  leas t 
one se t  o f  rule s tha t  correctl y characterize s th e mappin g 
function ,  namel y th e se t  containin g on e rul e pe r  exam -
ple .  However ,  thi s se t  o f  rule s i s trivia l  i n tha t  i t  i s  n o 
more interestin g tha n a n enumeratio n o f  th e pattern s 
themselves .  W e conside r  th e appropriat e se t  o f  rule s t o 
be th e minima l  se t  tha t  completel y describe s th e trainin g 
corpus .  I n thi s work ,  th e trainin g se t  fo r  a  give n simula -
tio n i s generate d usin g a  se t  o f  prespecifie d rule s a s tem -
plate s fo r  creatin g vali d examples .  Inpu t  string s tha t 
meet  th e condition s o f  severa l  rule s i n th e templat e se t 
ar e excluded .  Th e rule s ar e ove r  string s o f  lengt h fou r 
and a n alphabe t  o f  eigh t  symbols ,  {A ,  B ,  C ,  D ,  E ,  F ,  G , 
H} .  Fo r  example ,  th e followin g rule s ma y b e use d t o 
generat e thes e exemplars : 

[v _EG_—30E2]: GEAF—FGEA, BECE—EBEC 
[a_BF_-3G12] :  EBFF-FGBF ,  DBFG^GGBF 
[  _F_—30B1] :  GFAB—BGBF.CFHD—DCBF 

The pattern s abov e ar e simila r  t o thos e tha t  for m th e 
trainin g corpu s use d i n th e simulation s describe d later . 
I n genera l  ther e i s n o guarante e tha t  th e underlyin g rul e 
base represent s th e minima l  se t  tha t  describe s th e train -
in g corpus .  However ,  give n tha t  i n ou r  experiment s th e 
number  o f  rule s i s ver y smal l  relativ e t o th e numbe r  o f 
examples ,  i t  i s  unlikel y tha t  a  mor e compac t  se t  o f  rule s 
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exist s tha t  describe s th e trainin g set .  Therefore ,  i n ou r 

simulation s th e targe t  numbe r  o f  rule s t o b e induce d i s 
th e sam e a s th e numbe r  use d t o generat e th e trainin g 

corpus . 

Ther e ar e severa l  traditional ,  symboli c systems ,  e.g. , 
C O B W EB (Fisher ,  1987) ,  tha t  induc e rule s fo r  classify -
in g input s base d upo n trainin g examples .  Th e powe r  o f 
thes e system s lie s i n thei r  abilit y  t o buil d comple x con -

dition s tha t  recogniz e relevan t  feature s o f  a n input .  I t 
seems likel y that ,  give n th e correc t  representation ,  a  sys -
te m suc h a s C O B W EB coul d lear n rule s tha t  woul d 
classif y pattern s i n ou r  domain .  However ,  i t  i s  unclea r 
ho w suc h a  syste m coul d als o lear n th e actio n associate d 
wit h eac h class .  Classifie r  system s (Booker ,  Goldberg , 
& Holland ,  1989 )  lear n bot h condition s an d actions ,  bu t 
th e action s ar e limite d t o passin g a n inpu t  featur e 
throug h unchanged ,  o r  writin g a  fixed  featur e t o th e out -
put .  Althoug h classifier s coul d easil y b e mad e t o repre -
sent  th e symboli c string s o f  ou r  domain ,  ther e i s n o 
obviou s wa y t o ma p a  symbo l  i n slo t  a  o f  th e inpu t  t o 
slo t  P  o f  th e output . 

Architecture 

We propose a neural network architecture, called 
RuleNet ,  base d o n th e wor k o f  Jacobs ,  Jordan ,  Nowlan , 
and Hinto n (1991) ,  tha t  ca n implemen t  strin g manipula -
tio n rule s o f  th e typ e outline d above .  A s show n i n Fig -
ur e 1 ,  RuleNe t  ha s thre e layer s o f  units :  a n inpu t  layer , 
an outpu t  layer ,  an d a n intermediat e laye r  o f  conditio n 
units .  Ther e ar e m rule s represente d i n th e networ k an d 
one conditio n uni t  pe r  rule .  Th e inpu t  laye r  activate s th e 
conditio n units ,  which ,  t o first  approximation ,  partici -
pat e i n a  winner-take-al l  competition .  Th e winnin g con -
ditio n uni t  enable s on e se t  o f  connection s fro m th e inpu t 
laye r  t o th e outpu t  laye r  throug h a  se t  o f  multiplicativ e 
or  gatin g connections .  Th e inpu t  unit s the n pas s thei r 
activit y throug h th e enable d se t  o f  weight s t o activat e 
th e outpu t  units . 

The conditio n an d actio n part s o f  a  rul e ar e imple -
mente d i n differen t  subnets .  I n th e conditio n subnet ,  th e 
net  inpu t  t o eac h conditio n uni t  /  i s  computed , 

outpu t 

-cTx . 

1 O  smgl e uni t 

' 1 i 

> 

•  • • 

s 1  1  laye r  o f  unit s 

-« ^  ^ x 

^  x 

l ^  ( S C )  " I  conditio n 
y y " - V "nit s 

—i.= ^ 

mput 

net ^  -  1/(1+ e '  ) 

where x is the input vector and c,- is the incoming weight 

vecto r  t o conditio n uni t  i .  Th e activit y o f  conditio n uni t 
i,Pi ,  i s  the n determine d b y a  normalization : 

Pi  -

net -

2«^o -

The normalizatio n enforce s a  competitio n amon g 
conditio n units .  Th e activatio n o f  conditio n uni t  /  repre -
sent s th e probabilit y  tha t  rul e / '  applie s t o th e curren t 
input .  I n th e actio n subne t  ther e ar e m weigh t  matrice s 
A,- ,  on e pe r  rule .  A  se t  o f  multiplicativ e connection s 
betwee n eac h conditio n uni t  /  an d A, -  determine s t o wha t 
exten t  A, -  wil l  contribut e activatio n t o th e outpu t  vecto r 
y,  calculate d a s follows : 

m 

Figur e 1 

The RuleNe t  architecture . 

y =  2P.A. X 

i 

Ideally ,  on e conditio n uni t  i s  full y  activate d b y a  give n 
input . 

Althoug h thi s architectur e i s base d o n th e wor k o f 
Jacob s e t  al. ,  i t  i s  independentl y motivate d i n ou r  wor k 
by th e demand s o f  th e tas k domain .  Th e Jacob s architec -
tur e divide s u p th e inpu t  spac e int o disjoin t  region s an d 
allocate s a  differen t  loca l  exper t  networ k t o eac h sub -
space .  A  gatin g networ k determine s th e probabilit y  tha t 
exper t  a  wil l  produc e th e correc t  outpu t  fo r  a  give n 
inpu t  vecto r  x .  Durin g learning ,  weight s ar e adjuste d 
usin g bac k propagatio n t o increas e th e probabilit y  tha t 
exper t  a  produce s th e correc t  outpu t  an d decreas e th e 
probabilit y  tha t  othe r  expert s produc e an y outpu t  a t  al l 
fo r  X .  I n effect ,  eac h networ k compete s t o b e th e sol e 
networ k responsibl e fo r  inpu t  x .  RuleNe t  ha s essentiall y 
th e sam e structur e a s th e Jacob s network ,  wher e th e 
actio n substructur e o f  RuleNe t  serve s a s th e loca l 
expert s an d th e conditio n substructur e serve s a s th e gat -
in g network .  However ,  thei r  goal—t o minimiz e 
crosstal k betwee n logicall y independen t  subtasks—i s 
quit e differen t  tha n ours . 

Input/outpu t  strings ,  suc h a s AEG,  ar e encode d a s 
binar y vectors .  W e us e a  loca l  representatio n o f  eac h 
symbol  an d concatenat e the m together .  Th e representa -
tio n o f  th e /t h symbo l  i n a n alphabe t  o f  k  symbol s i s a 
subvecto r  o f  lengt h k  i n whic h th e Jt h bi t  i s  1  an d th e 
remainin g bit s ar e 0 .  Wit h th e eigh t  symbo l  alphabe t  {A , 
B,  C ,  D ,  E ,  F ,  G ,  H } ,  then ,  th e representatio n o f  A E G i s 
composed o f  thre e subvector s o f  lengt h eigh t  concate -
nate d together :  (1000000 0 0000100 0 00000010) . 

To precisel y implemen t  rule s o f  th e typ e discusse d i n 
th e previou s section ,  i t  i s  necessar y t o impos e som e 
restriction s o n th e value s assigne d t o th e weight s i n c, -
and A,- .  I n c,- ,  th e first  k  weight s detec t  th e appropriat e 
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symbol  i n th e first  slo t  o f  th e inpu t  string ,  th e nex t  k 
weight s detec t  th e symbo l  i n th e secon d slot ,  an d s o on , 
up t o th e lengt h o f  th e string .  Sinc e thi s i s a  loca l  repre -
sentation ,  on e bit ,  a t  most ,  i n eac h A-bi t  subvecto r 
shoul d b e nonzero .  Fo r  example ,  usin g th e eight-symbo l 
alphabet ,  th e vecto r  c ,  tha t  detect s th e simpl e conditio n 
input i  =  A  is :  (1000000 0 0000000 0 0000000 0 0) .  Con -
ditio n uni t  /  wil l  b e activate d onl y i f  ther e i s a n A  i n th e 

first  slo t  o f  th e inpu t  string .  Th e final  weigh t  i n C/  i s th e 
conditio n bias ,  6,- ,  whic h i s require d t o detec t  a  conjunc -
tiv e condition .  I f  th e conditio n i s a  conjunction ,  a s i n 
[ a A _ G - •021 ] ,  0 ;  mus t  b e negativ e t o compensat e fo r 
th e effec t  o f  on e input ;  tha t  is ,  th e ne t  inpu t  wil l  b e posi -
tiv e onl y i f  bot h symbol s ar e present .  I f  th e conditio n i s 
simpl e o r  a  disjunction ,  6, -  shoul d b e zer o t o allo w th e 
net  inpu t  t o b e positiv e i f  an y inpu t  lin e i s active .  T o 
encourag e th e conditio n weight s t o develo p suc h a 
structure ,  i t  i s  necessar y t o initializ e al l  weight s i n c, -
excep t  9, -  t o non-negativ e values ,  an d the n se t  a  lowe r 
boun d o f  zer o o n thos e weight s durin g training . 

Similarly ,  i f  w e wis h th e action s carrie d ou t  b y th e 
networ k t o correspon d t o th e strin g manipulation s 
allowe d b y ou r  rul e domain ,  i t  i s  necessar y t o impos e 
some restriction s o n th e value s assigne d t o th e weight s 
i n A,- .  A n actio n matri x A, -  ha s a n n  x  n  bloc k form , 
wher e n  i s th e lengt h o f  input/outpu t  strings .  Eac h bloc k 
i s a  k  X  k  submatrix ,  an d mus t  b e eithe r  th e identit y 
matri x o r  th e zer o matrix .  Th e bloc k a t  block-ro w a , 
block-colum n P  o f  A /  copie s inputg ^  t o output ^  i f  i t  i s  th e 
identit y matrix ,  o r  doe s nothin g otherwise .  A n addi -
tiona l  constrain t  tha t  onl y on e bloc k m a y b e nonzer o i n 
block-ro w a  o r  block-colum n P  o f  A, -  ensure s tha t  ther e 
i s a  uniqu e mappin g fro m input ^  t o outputa .  I f  output a i s 
t o b e a  constant ,  the n block-colum n P  mus t  b e al l  zer o 
excep t  fo r  th e actio n bia s weight s i n block-colum n p . 
Further ,  becaus e th e outpu t  i s a  loca l  representation ,  a t 
most  on e bia s i n block-colum n p  shoul d b e nonzero . 

To ensur e tha t  durin g learnin g ever y bloc k 
approache s th e identit y o r  zer o matrix ,  w e constrai n th e 
off-diagona l  term s t o b e zer o an d constrai n weigh t 
change s withi n a  bloc k t o b e equa l  fo r  al l  weight s o n th e 
diagonal ,  thu s limitin g th e degree s o f  freedo m t o on e 
paramete r  withi n eac h block .  B y imposin g thes e restric -
tion s o n weigh t  changes ,  th e hop e i s tha t  th e resultin g 
c,-A, -  pair s ar e clos e enoug h t o th e bloc k structur e 
describe d abov e tha t  i t  wil l  b e eas y t o extrac t  a  symboli c 
descriptio n o f  th e mapping . 

The constraint s describe d above ,  however ,  d o no t 
guarante e tha t  learnin g wil l  produc e weight s tha t  corre -
spon d exactl y t o symboli c rules .  However ,  usin g a  pro -
ces s w e cal l  projection ,  i t  i s  possibl e t o transfor m th e c, -
and A, -  weight s suc h tha t  th e resultin g networ k ca n b e 
interprete d a s a  se t  o f  symboli c rules . 

Projectio n o f  c, -  involve s settin g non-essentia l  weight s 
t o zero ,  settin g essentia l  weight s t o 1 ,  an d settin g 6, -  t o 
zer o i f  ther e i s onl y on e essentia l  weigh t  o r  i f  a  disjunc -
tio n i s indicated ,  - 1 otherwise .  Becaus e o f  th e constrain t 
tha t  onl y on e uni t  pe r  slo t  i n th e inpu t  ca n b e on ,  i t  i s 

possibl e t o subtrac t  a  valu e E q fro m slo t  a  o f  c ^  an d ad d 
tha t  valu e t o 6 ^  withou t  affectin g th e ne t  inpu t  t o condi -
tio n uni t  I .  Thi s e ^  ca n b e though t  o f  a s a n irrelevan t 
componen t  o f  eac h weigh t  i n slo t  a ,  a  by-produc t  o f 
learning .  W e coul d estimat e t ^  wit h a  leas t  square s pro -
cedure .  However ,  i n ou r  simulations ,  w e us e a n approxi -
matio n t o leas t  square s whic h involve s takin g th e 
averag e o f  al l  weight s i n slo t  a  othe r  tha n th e m a x i m u m , 
subtractin g thi s estimat e fro m a  an d addin g i t  t o 9̂ .  Th e 
resultin g c, -  i s  compare d t o prototyp e model s o f  simple , 
disjunctive ,  an d conjunctiv e conditions ,  an d th e closes t 
model  i s take n a s th e projecte d conditio n vector . 

Projectio n o n a  matri x A, -  require s finding  th e larges t 
bloc k diagona l  i n A,- ,  locate d say ,  a t  block-ro w a  an d 
block-colum n p ,  settin g i t  t o 1 ,  an d settin g al l  othe r 
block s i n block-ro w a  an d block-colum n P  t o zero .  Th e 
proces s i s repeate d unti l  n  block s hav e bee n foun d (on e 
per  symbo l  i n th e input/outpu t  strings) .  Actio n bia s 
strength s i n a  block-colum n ar e s u m m e d an d treate d a s 
any othe r  bloc k durin g thi s process .  Th e biase s them -
selve s ar e projecte d b y settin g th e m a x i m u m bia s i n 
eac h slo t  t o 1 ,  an d settin g al l  othe r  biase s t o zero .  Al l 
biase s i n a  block-colum n P  wit h a  non-zer o identit y 
bloc k ar e als o se t  t o zero . 

Simulations 

Having described the projection technique for extracting 
explici t  rule s fro m RuleNet ,  w e tur n t o simulation s o f 
th e network .  Th e simulation s allo w RuleNe t  t o pla y th e 
Connectionis t  Scientis t  G a m e b y iterativel y extractin g 
rule s an d injectin g the m bac k int o th e network .  T o illus -
trat e h o w thi s extraction-injectio n cycl e improve s 
RuleNet' s performance ,  w e compar e learnin g perfor -
mance usin g thi s techniqu e wit h learnin g usin g severa l 
simple r  techniques : 

1)  Techniqu e J :  Star t  wit h a  fixed  se t  o f  r  rules ,  rando m 
initia l  weights ,  an d minimiz e th e erro r  functio n 
describe d b y Jacob s e t  al . 

2)  Techniqu e JC :  Lear n a s i n techniqu e J ,  bu t  constrai n 
weight s i n A, -  t o a  singl e paramete r  o n bloc k diagonal s 
as describe d above . 

3)  Techniqu e JCA :  Lear n a s i n techniqu e JC ,  bu t  star t 
wit h on e rule ,  lear n fo r  m epochs ,  the n ad d a  n e w rul e 
wit h rando m initia l  weights ,  an d repea t  unti l  r- 1 rule s 
hav e bee n adde d o r  perfec t  performanc e achieved . 

4 )  Techniqu e J C A P (th e Connectionis t  Scientis t  G a m e ) : 
Lear n a s i n techniqu e J C A ,  bu t  befor e addin g a  n e w 
rule ,  projec t  weight s i n c, -  an d A, -  t o confor m exactl y t o 
th e closes t  vali d rule . 

I n al l  simulations ,  th e m a x i m u m numbe r  o f  rule s 
allowe d wa s 10 .  I n simulation s usin g technique s J C A 
and JCAP ,  a  n e w rul e wa s adde d afte r  ever y 50 0 epochs . 
Al l  simulation s ra n fo r  500 0 epoch s an d use d a  learnin g 
rat e o f  .00 9 o n bot h A,-weight s an d c ,  weights .  W e teste d 
fou r  differen t  rul e bases ,  consistin g o f  eight ,  three ,  three , 
and five  rule s (se e Figur e 2  fo r  th e rul e templates )  usin g 
string s o f  lengt h fou r  ove r  th e alphabe t  {A ,  B ,  C ,  D ,  E , 
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F,  G ,  H } .  Fo r  eac h rul e base ,  a  trainin g se t  w a s forme d 
b y generatin g fifteen  rando m instance s o f  eac h rul e 
template .  Figur e 2  show s th e erro r  curv e fo r  th e fou r 
simulation s usin g learnin g technique s J ,  JC ,  J C A ,  an d 
J C A P.  Eac h curv e i s a n averag e ove r  five  run s wit h dif -
feren t  initia l  weights .  T h e spike s i n th e curve s fo r  tech -
nique s J C A an d J C A P reflec t  th e additiona l  erro r  w h e n 
RuleNe t  i s allowe d t o m a k e us e o f  a  n e w rule .  I n al l  fou r 
case s th e erro r  fo r  technique s J  an d J C i s monotonicall y 
decreasing ;  however ,  J C arrive s a t  a  consistentl y smal l 
enor ,  whil e th e pur e Jacob s network ,  techniqu e J ,  doe s 
not .  Ther e i s a  simila r  distinctio n betwee n technique s 
J C A an d J C A P :  J C A P anive s a t  a  reasonabl e solution , 

whil e J C A doe s not .  I n term s o f  learnin g spee d an d con -
vergence ,  technique s J C an d J C A P ar e clearl y prefera -
ble . 

T h e questio n is ,  ca n a  give n learnin g techniqu e b e 
relie d upo n t o discove r  a  vali d se t  o f  rules ? Tabl e 1 
show s th e averag e numbe r  o f  vali d rule s extracte d fro m 
RuleNe t  afte r  500 0 epoch s an d th e percentag e o f  th e 
trainin g se t  m a p p e d correctl y t o th e outpu t  strin g i n eac h 
case .  T h e critica l  measur e o f  performanc e shoul d tak e 
bot h percentag e o f  pattern s an d numbe r  o f  vali d rule s 

int o account .  Recal l  tha t  ou r  criterio n fo r  a n appropriat e 
set  o f  rule s w a s t o find  a t  mos t  q  rules ,  wher e q  i s th e 
siz e o f  th e se t  use d t o generat e th e trainin g corpus ,  suc h 
tha t  thos e rule s completel y describ e ever y patter n i n th e 

trainin g set .  Learnin g techniqu e J C A P i s certainl y th e 
most  effectiv e judgin g b y thi s criterion .  I n fact ,  tech -
niqu e J A C P induce s exactl y th e targe t  numbe r  o f  rule s 
i n ever y simulatio n excep t  one ,  mappin g virtuall y al l  th e 
pattern s correctly .  J C m a p s pattern s correctly ,  bu t  a t  th e 
expens e o f  th e numbe r  o f  rules .  I n thi s domai n a t  least ,  i t 

appear s tha t  RuleNe t  make s us e o f  approximatel y a s 
m a ny rule s a s on e allow s it .  Techniqu e J C A come s 
close r  t o inducin g th e targe t  numbe r  o f  rules ,  bu t  a t  th e 
expens e o f  consisten t  accuracy .  Finally ,  techniqu e J 
leave s quit e a  bi t  t o b e desire d i n bot h th e numbe r  o f 
vali d rule s extracte d an d th e percentag e o f  pattern s cov -
ered . 

Techniqu e J C A P i s essentiall y a n implementatio n o f 
th e Connectionis t  Scientis t  G a m e withi n th e framewor k 
of  th e RuleNe t  architecture .  T h e Connectionis t  Scientis t 
G a me involve s iterativel y formin g a  hypothesi s se t  o f 
rules ,  testin g thes e rule s o n exemplars ,  an d the n refinin g 
th e rule s t o yiel d bette r  coverag e o f  th e exemplars .  Th e 
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Simulatio n 2 :  3  rules ,  4 5 pattern s 
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Figure 2 

Averag e RuleNe t  performanc e o n fou r  simulation s usin g learnin g technique s J ,  JC ,  JCA ,  an d J C A P 
Key :  J  =  Jacob s algorithm ,  C  =  constrai n A ^  t o diagonals ,  A  =  ad d ne w rules ,  P  =  project . 
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Sim. 

1 

2 

3 

4 

Targe t  #  rule s 

8 

3 

3 

5 

J 
rule s 

2. 4 

1. 4 

1. 4 

3. 6 

% 

17 

10 

28 

34 

Learnin g Techniqu e 

J C J C A 

rule s % rule s % 

9. 5 9 9 

9. 5 10 0 

9 10 0 

9 10 0 

6 6 9 

3. 8 9 5 

3 10 0 

5. 2 10 0 

J C AP 

rule s % 

9 9 6 

3 10 0 

3 10 0 

5 10 0 

Tabl e 1 
Averag e numbe r  o f  vali d rule s extracte d an d percentag e o f  pattern s covere d t o withi n a n erro r  o f  .5 . 

game i s playe d unti l  a  satisfactor y numbe r  o f  exemplar s 
i s covere d b y th e rules .  Figur e 3  show s a  templat e o f 
fiv e rules ,  use d t o generat e a  se t  o f  7 5 exemplars ,  an d 
th e evolutio n o f  th e hypothesi s se t  o f  rule s learne d b y 
RuleNe t  ove r  250 0 trainin g epochs .  A s i n previou s sim -
ulations ,  projectio n wa s don e ever y 50 0 epochs .  A t  th e 
first  projectio n th e initia l  rul e i s no t  syntacticall y valid . 
The secon d projection ,  a t  100 0 epochs ,  result s i n tw o 
vali d rule s whic h correctl y mappe d 3 % o f  th e patterns . 
Subsequen t  iteration s resul t  i n a  mor e refine d hypothe -
sis .  I t  i s  interestin g t o not e th e metamorphosi s o f  bot h 
th e se t  o f  rule s an d individua l  rules .  Fo r  example ,  th e 
first  vali d rul e learned ,  [ a B_H_-*1230] ,  i s  modifie d 
betwee n th e projectio n a t  100 0 an d 150 0 epoch s t o 
[ vB D -•3210] .  A s ne w rule s ar e added ,  th e conditio n 
and/o r  actio n component s o f  ol d rule s ma y b e modifie d 
t o reflec t  a  differen t  se t  o f  exemplar s fo r  whic h the y 
must  b e accountable . 

We hav e argue d tha t  learnin g rule s ca n greatl y 
enhanc e generalization .  Usin g techniqu e JCAP ,  i n thre e 
of  th e fou r  simulation s reporte d above ,  ruleNe t  no t  onl y 
learne d a  se t  o f  rule s tha t  correctl y mappe d th e trainin g 
set ,  i t  als o learne d th e exac t  rul e template s use d t o gen -
erat e tha t  set .  Eve n i n simulatio n 1 ,  seve n o f  th e eigh t 
templat e rule s wer e induce d exactly ,  whil e on e simpl e 
condition ,  [  _ F -•2F03] ,  wa s induce d a s th e disjunc -
tio n [ v B F -»2103] .  I n case s wher e RuleNe t  learn s th e 
origina l  rul e templates ,  i t  ca n b e expecte d t o generaliz e 
perfectl y t o an y patter n tha t  ca n b e generate d b y thos e 
templates ,  a s wa s show n i n Tabl e 1 . 

The degre e t o whic h generalizatio n ca n b e enhance d 
i s clearl y illustrate d i n a  compariso n o f  th e performanc e 
of  a  standar d thre e laye r  back-propagatio n networ k wit h 
th e performanc e o f  RuleNe t  usin g th e J C A P learnin g 
technique ,  a s summarize d i n Tabl e 2 .  I n eac h o f  th e fou r 
simulations ,  th e back-pro p networ k ha d th e sam e inpu t 
and outpu t  representatio n a s RuleNet ,  wit h 1 0 hidde n 
unit s pe r  rule .  Th e learnin g rat e use d wa s .05 ,  wit h a 
momentu m o f  .9 .  Th e trainin g set s wer e th e sam e a s 
reporte d i n th e RuleNe t  simulation s an d th e number s fo r 
RuleNe t  ar e take n fro m Tabl e 1 .  Th e test s set s represen t 
th e complet e se t  o f  pattern s tha t  ca n b e generate d wit h 
th e rul e templates ,  excludin g pattern s tha t  fire  mor e tha n 
one templat e rule .  Durin g th e back-pro p simulations , 
output s wer e processe d b y settin g th e m a x i m u m uni t  i n 
eac h slo t  t o 1  an d al l  other s t o zero .  Th e cleane d u p out -
put s wer e compare d t o th e target s t o determin e whic h 
wer e mappe d correctly .  Value s i n Tabl e 2  represen t  th e 
averag e ove r  five  run s wit h differen t  initia l  weights . 
RuleNet' s performanc e o n th e trainin g se t  wa s signifi -
cantl y bette r  tha n th e thre e laye r  back-pro p net ,  an d a s 
much a s 2 0 0 0 % bette r  o n th e tes t  set . 

As th e result s i n Figur e 2  an d Table s 1  an d 2  indicate , 
playin g th e Connectionis t  Scientis t  G a me allow s 
RuleNe t  t o discove r  a  se t  o f  symboli c rule s tha t  describ e 
a se t  o f  examples ,  an d t o d o s o mor e rapidly ,  reliably , 
and wit h greate r  powe r  t o generaliz e tha n th e othe r 
method s examined . 

Templat e rule s 

[  E  - *  1230 ] 

[ a D A — 1032 ] 

[ v F C -  1302 ] 

[ v B D _ ^  3210 ] 

[ v C C _ — 12F3 ] 

coverag e o f  trainin g se t 

Vali d Rule s Learne d an d Percen t  o f  Trainin g Se t  Covere d Perfectl y 

epoc h 100 0 epoc h 150 0 epoc h 200 0 epoc h 250 0 

[a B H  —1230 ]  [ v B D —3210 ]  [ v B D —3210 ]  [ v B D — 3 2 1 0 ] 

[ a F C -1302 ]  [ v F C -1302 ]  [ v F C -1302 ]  [ v F C -1302 ] 

[aC C -1230 ]  [vCC_-12F3 ]  [ v C C -12F3 ] 
[ a E A — 1230 ]  [  E _ — 1230 ] 

[ a D A _ — 1032 ] 

3 % 40 % 64 % 100 % 

Figur e 3 
Evolutio n o f  RuleNet' s hypothesi s se t  o f  rule s ove r  250 0 trainin g epoch s 

whil e playin g th e Connectionis t  Scientis t  Game. 
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Simulatio n 1 Simulatio n 2  Simulatio n 3 Simulatio n 4 

Architectur e 

RuleNe t  (JCAP ) 

3-laye r  back-pro p 

# o f  pattern s i n se t 

trai n 

96 

88 

120 

tes t 

77 

22 

163 5 

% o f  pattern s correctl y mappe d 
trai n tes t  trai n tes t 

10 0 10 0 

58 5 

45 138 0 

100 10 0 

84 8 

45 138 0 

trai n tes t 

100 10 0 

72 2 7 

75 199 5 

Tabl e 2 
Generalizatio n performanc e o f  RuleNe t  compare d t o a  standar d 3-laye r  back-pro p networ k 

wit h 1 0 hidde n unit s pe r  rul e (80 ,  30,30 ,  an d 5 0 hidde n unit s fo r  simulation s 1-4 ,  respectively) . 

C o n c l u s i o n 

We have proposed an iterative discovery process for 
connectionis t  network s calle d th e Connectionis t  Scien -
tis t  G a m e ,  an d hav e explore d a n architecture ,  RuleNet , 
tha t  play s th e Connectionis t  Scientis t  G a m e .  RuleNe t  i s 
abl e t o lear n a  se t  o f  explicit ,  symboli c rule s from 
scratch .  Thes e rule s ar e usefu l  becaus e the y accuratel y 
and concisel y characteriz e th e domai n fro m whic h train -
in g example s ar e drawn . 

Althoug h th e en d produc t  o f  RuleNe t  i s  a  se t  o f  rules , 
RuleNe t  benefit s fro m intermediat e stage s o f  learnin g i n 
whic h i t  i s  allowe d t o construc t  hypothese s tha t  d o no t 
correspon d exactl y t o rules .  Tha t  is ,  bein g a  neura l  net -
work ,  RuleNe t  ca n represen t  a  broade r  rang e o f  input / 
outpu t  mapping s tha n thos e permitte d b y symboli c rule -
base d descriptions .  W e conjectur e tha t  RuleNet' s explo -
ratio n i n thi s subsymboli c hypothesi s spac e give s i t  a n 
additiona l  degre e o f  flexibility  tha t  facilitate s learning , 
eve n i f  th e en d produc t  doe s no t  requir e thi s flexibility. 
I t  i s  fo r  thi s reaso n tha t  w e fee l  tha t  connectionis t  learn -
in g technique s offe r  grea t  promis e i n domain s eve n 
wher e th e objectiv e i s t o discove r  symboli c representa -
tions . 

Our  futur e wor k wil l  concentrat e o n h o w t o expan d 
thi s architectur e t o mor e challengin g an d comple x 
domains .  O n e sens e i n whic h th e symbo l  mappin g 
domai n w e hav e considere d i s to o simplisti c i s tha t  n o 
type/toke n distinctio n i s made .  Th e rule s w e hav e 
define d ar e formulate d directl y i n term s o f  inpu t  sym -
bols .  However ,  muc h o f  th e powe r  o f  rule s lie s i n thei r 
abilit y  t o appl y t o a  genera l  symbo l  type ,  rathe r  tha n jus t 
t o symbo l  tokens .  Fo r  example ,  rathe r  tha n inducin g 
rule s tha t  simpl y enumerat e a  collectio n o f  tokens ,  suc h 
as i f  {subjec t  =  boy )  the n (perfor m actio n x) ,  i f  (subjec t 
= man )  the n (perfor m actio n x) ,  i f  {subjec t  =  w o m a n ) 
the n (perfor m actio n x) ,  i t  woul d b e mor e usefu l  t o 
induc e a  singl e rul e tha t  cover s a  typ e o f  condition ,  e.g. , 
i f  {subjec t  =  human )  the n (perfor m actio n x) .  Thi s tas k 
require s tha t  RuleNe t  lear n no t  onl y th e condition s an d 
action s tha t  for m a  rule ,  bu t  als o a  languag e i n whic h t o 
redescrib e th e inpu t  symbols . 

We ar e currentl y extendin g RuleNe t  t o handl e thi s 
additiona l  leve l  o f  complexity .  Wit h thi s extension , 

RuleNe t  wil l  lear n t o bot h classif y inpu t  token s (e.g. , 
classifyin g instance s suc h a s boy ,  man ,  an d w o m a n int o 
th e categor y human )  an d perfor m transformation s o f  th e 
inpu t  tha t  ar e base d o n th e induce d categories .  Thi s 
involve s subsymboli c processing—classification—a s 
wel l  a s symboli c processing—executin g condition -
actio n rules .  A  unifie d framewor k tha t  allow s bot h type s 
of  processin g shoul d b e a  significan t  ste p towar d a n 
explanatio n o f  comple x cognitiv e behaviors . 
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