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Abstrac t 

The ability to set and achieve a wide range of goals 
i s on e o f  th e principa l  hallmark s o f  intelligence .  T h e 
issu e o f  goals ,  an d o f  ho w the y ca n b e achieved ,  ha s 
bee n on e o f  th e majo r  foc i  o f  Artificia l  Intelligenc e 
(AI) ,  an d th e understandin g o f  ho w t o construc t  sys -
tem s tha t  ca n accomplis h a  wid e rang e o f  goal s ha s 
been on e o f  th e majo r  breakthrough s provide d b y th e 
stud y o f  symboli c processin g system s i n AI .  Neura l 
networks ,  however ,  hav e no t  share d thi s focu s o n th e 
issu e o f  goal s t o an y significan t  extent .  Thi s articl e 
provide s a  progres s repor t  o n a n effor t  t o incorporat e 
suc h a n abilit y  int o neura l  networks .  T h e approac h w e 
hav e take n her e i s t o implemen t  a  symboli c proble m 
solve r  withi n a  neura l  network ;  specificall y w e ar e cre -
atin g Neuro-Soar ,  a  neural-networ k reimplementatio n 
of  th e Soa r  architecture .  Soa r  i s particularl y appro -
priat e fo r  thi s purpos e becaus e o f  it s  well-establishe d 
goal-oriente d abilities ,  an d it s mappin g ont o level s o f 
human cognitio n — i n particular ,  th e way s i n whic h i t 
alread y eithe r  shares ,  o r  i s compatibl e with ,  a  numbe r 
of  ke y characteristic s o f  neura l  networks . 

Introduction 

An abilit y  t o se t  an d achiev e a  wid e rang e o f  goal s i s on e o f 
th e principa l  hallmark s o f  intelligence .  T h e issu e o f  goals , 
and o f  ho w the y ca n b e achieved ,  ha s bee n on e o f  th e majo r 
foc i  o f  Artificia l  Intelligenc e (AI) ,  an d th e understandin g o f 
ho w t o construc t  system s tha t  ca n accomplis h a  wid e rang e 
of  goal s ha s bee n on e o f  th e majo r  breakthrough s provide d 
by th e stud y o f  symboli c processin g syste m i n AI .  Neura l 
network s hav e no t  share d thi s focu s o n th e issu e o f  goal s t o 
any significan t  extent .  However ,  i f  neura l  network s ar e t o 
be seriou s contender s a s th e basi s fo r  a  complet e intelligen t 
system ,  the y mus t  eventuall y incorporat e th e abilit y  t o se t 
and achiev e th e ful l  rang e o f  goal s face d b y suc h systems . 

Thi s articl e provide s a  progres s repor t  o n a n effor t  t o 
incorporat e suc h a n abilit y  int o neura l  networks .  T h e ap -
proac h w e hav e take n her e i s t o implemen t  a  symboli c 
proble m solve r  withi n a  neura l  network ;  specificall y w e ar e 
creatin g Neuro-Soar ,  a  neural-networ k reimplementatio n o f 

*Thi s researc h wa s partiall y  supporte d b y a  gif t  fro m 
th e Artificia l  Intelligenc e Cente r  o f  th e Hughe s Aircraf t 
Company. 

Soar  — a  symboli c architectur e fo r  intelligenc e tha t  inte -
grate s basi c mechanism s fo r  proble m solving ,  us e o f  knowl -
edge ,  learning ,  an d perceptual-moto r  behavio r  [Lair d e t  ai , 
1987] .  Soar *  i s particularl y appropriat e fo r  thi s purpos e be -
caus e o f  it s  well-establishe d goal-oriente d abilities ,  an d it s 
mappin g ont o level s o f  h u m a n cognitio n [Newell ,  1990 ]  - — i n 
particular ,  th e way s i n whic h i t  alread y eithe r  shares ,  o r  i s 
compatibl e with ,  a  numbe r  o f  ke y characteristic s o f  neura l 
network s [Rosenbloom ,  1989] .  W o r k t o dat e o n Neuro-Soa r 
cover s th e lowes t  thre e level s o f  Soa r  — m e m o r y accessing , 
decisio n making ,  an d (proble m space )  operations .  Togethe r 
thes e capabilitie s ar e sufficien t  t o enabl e goal-oriente d be -
havio r  i n a  singl e proble m space ,  bu t  ar e no t  ye t  sufficien t 
t o enabl e higher-leve l  searc h an d learnin g behaviors .  O n e 
of  th e ke y development s i n accomplishin g thi s i s th e im -
plementatio n o f  a  nove l  neural-network-base d productio n 
syste m tha t  allow s multipl e variable s pe r  production ,  an d 
paralle l  matchin g an d firing  o f  multipl e productions . 

From Soar to Neuro-Soar 

In Soar, all symbolic goal-oriented behavior is formulated 
as step s i n proble m spaces .  A  proble m spac e i s a  unifor m 
tas k representatio n tha t  allow s Soa r  t o b e applie d t o a  wid e 
rang e o f  goals .  T h e proble m spac e determine s th e se t  o f 
state s an d operator s tha t  ca n b e use d durin g th e process -
in g t o attai n a  goal .  Goals ,  proble m spaces ,  states ,  an d 
operator s exis t  a s dat a structure s i n Soar' s workin g m e m-
or y — a  transien t  declarativ e memory .  Eac h goa l  define s a 
proble m solvin g contex t  whic h contziin s role s fo r  a  proble m 
space ,  a  state ,  an d a n operator . 

Proble m solvin g i s drive n b y th e act s o f  selectin g prob -
le m spaces ,  states ,  an d operator s fo r  th e appropriat e role s 
i n th e context ;  wher e eac h selectio n i s  accomplishe d vi a 
a two-phas e decisio n cycle .  First ,  durin g th e elaboratio n 
phase ,  th e descriptio n o f  th e curren t  situatio n (tha t  is ,  th e 
conten t  o f  workin g m e m o r y )  i s elaborate d wit h relevan t  in -
formatio n fro m long-ter m m e m o r y — a n associativ e m e m-
ory ,  constructe d a s a  paralle l  productio n system .  T h e rule s 
contzii n variabilize d condition s tha t  ar e matche d agains t 
th e content s o f  workin g memory ,  an d action s tha t  ad d el -
ement s t o workin g m e m o r y whe n al l  o f  th e condition s ar e 
met .  O n e importan t  typ e o f  knowledg e tha t  m a y b e adde d 
durin g th e elaboratio n phas e i s preferences .  Ther e i s a  fixed 

'i n thi s article ,  w e focu s o n Soa r  versio n 4 . 
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languag e o f  preference s whic h i s use d t o describ e th e ac -
ceptabilit y  an d desirabilit y  o f  th e alternative s bein g consid -
ere d fo r  th e selection .  Ther e ar e tw o type s o f  preferences , 
unar y an d binary .  T h e forme r  state s a n absolut e prefer -
enc e t o al l  other s (e.g. ,  "best") ,  whil e th e latte r  state s a 
preferenc e betwee n tw o object s (e.g. ,  "better") .  I n th e sec -
on d phase ,  th e decisio n phase ,  th e preference s i n workin g 
memory ar e interprete d b y a  fixed  decisio n procedure .  I f 
th e preference s uniquel y specif y a n objec t  t o b e selecte d 
fo r  a  rol e i n a  context ,  the n a  decisio n ca n b e made ,  an d 
th e specifie d objec t  become s th e curren t  valu e o f  th e role . 
However ,  i f  th e preference s fo r  a  decisio n ar e eithe r  incom -
plet e o r  inconsistent ,  the n a n impass e occurs .  Soa r  auto -
maticall y generate s a  subgoci l  fo r  th e tas k o f  resolvin g th e 
impass e an d create s a  ne w proble m solvin g contex t  withi n 
whic h i t  ca n b e resolved .  Soa r  learn s b y acquirin g ne w 
production s whic h summariz e th e processin g tha t  lead s t o 
result s o f  subgoals ,  a  proces s calle d chunking . 

Soar  ha s bee n use d t o implemen t  goal-oriente d system s 
i n a  wid e variet y o f  domains :  immediat e reasonin g tasks , 
simpl e puzzle s an d games ,  classica l  exper t  syste m domains , 
roboti c contro l  tasks ,  an d natura l  languag e understanding . 
I t  ha s als o demonstrate d th e abilit y  t o utiliz e a  wid e va -
riet y o f  proble m solvin g methods .  However ,  despit e al l 
of  thi s high-leve l  symboli c capability ,  muc h o f  th e archi -
tectura l  functionalit y describe d abov e ca n b e mappe d t o 
correspondin g neura l  networ k concept s (a t  leas t  a t  a  gros s 
level) .  I n particular .  Soar' s productio n memor y i s jus t  a 
fine-grained  paralle l  associativ e memor y — thoug h i t  doe s 
wor k wit h graph-structure d object s an d doe s allo w multi -
pl e variable s — an d it s decisio n procedur e i s jus t  a  metho d 
fo r  locall y integratin g togethe r  multipl e constraint s o n se -
lection ,  a s i s generall y don e vi a activatio n combinatio n i n 
neura l  networks .  T h e nee d t o allo w paralle l  matchin g an d 
firing  o f  production s ove r  graph-structure d object s wit h 
multipl e variable s add s som e complexit y t o thi s mapping ; 
however ,  i n contras t  t o traditiona l  productio n systems ,  a 
nove l  formulatio n — tha t  restrict s attribute s t o havin g a t 
most  on e \alu e a t  a  tim e (referre d t o a s th e unique-attribut e 
formulation )  — ha s bee n develope d fo r  Soa r  tha t  greatl y 
simplifie s implementatio n i n neura l  network s b y guarantee -
in g bot h linear-tim e matc h complexit y an d a  m a x i m u m o f 
one bindin g pe r  variabl e [Tamb e e t  ai ,  1990] . 

I n th e remainde r  o f  thi s articl e w e focu s o n ho w Soar' s 
productio n syste m an d decisio n procedur e ca n b e imple -
mente d i n a  neura l  network ,  an d ho w thes e tw o capabil -
itie s ca n b e combine d t o enabl e th e selectio n an d appli -
catio n o f  sequence s o f  problem-spac e operator s tha t  solv e 
simpl e block s worl d problems .  Impass e detection ,  subgoa l 
generatio n (wit h th e concomitan t  abilitie s o f  usin g multi -
pl e proble m space s an d searching) ,  an d learnin g ar e lef t  fo r 
anothe r  day . 

Representing Problem Solving 

K n o w l e d g e 

I n p r o b l e m solvin g behavio r  i n a  simpl e block s wor l d 
p r o b l e m ( S u s s m a n ' s a n o m a l y )  thre e block s ar e arrange d 
o n a  table ,  a n d ther e ar e operator s tha t  allo w block s t o 
b e m o v e d o n t o eithe r  othe r  block s o r  th e table .  I n th e 
first  situation ,  thre e operator s ar e suggested ,  a n d sufficien t 
preference s ar e retrieve d f r o m long-ter m m e m o r y t o eJIo w 
th e correc t  operato r  t o b e selected .  O n c e i t  i s  selected , 
furthe r  m e m o r y retrieva l  effectivel y applie s th e operato r 
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Figur e 1 .  A .  Proble m spac e representation  fo r  operato r  applica -
tion .  B .  Correspondin g productio n rule .  C .  Th e grap h view .  On e 
uni t  wil l  b e assigne d t o eac h number.  Som e edge s fo r  th e workin g 
memory an d binding s ar e no t  show n fo r  clarity . 

by modifyin g th e proble m solvin g stat e (movin g bloc k C  t o 
th e table )  Proble m solvin g the n continue s b y repeatin g th e 
entir e process . 

Figur e 1 A focuse s o n a  fragmen t  o f  thi s overal l  behavio r 
— th e applicatio n o f  th e selecte d operato r  t o modif y th e 
state .  I n th e remainde r  o f  thi s sectio n w e focu s o n ho w 
th e knowledg e i s represente d i n Soa r  an d th e transforma -
tion s tha t  lea d fro m thi s representatio n t o th e on e use d i n 
Neuro-Soar .  Figur e I B provide s a  tex t  vie w o f  ho w thi s 
i s represente d i n Soa r  (i n a  slightl y simplifie d form )  a s a 
production .  T h e condition s ar e prio r  t o th e arro w an d th e 
action s after .  Symbol s precede d b y "  *  "  an d bounde d b y 
"  < > "  ar e attribute s an d variables ,  respectively . 

To ge t  fro m thi s tex t  vie w o f  th e informatio n t o th e neu -
ra l  view ,  i t  i s  usefu l  t o g o throug h a n intermediar y grap h 
view ,  a s show n i n Figur e IC .  I n th e grap h view ,  eac h in -
dividua l  tripl e o f  a n object ,  attribute ,  an d valu e i s repre -
sente d b y a  labele d directe d edg e fro m th e objec t  t o th e 
value .  I n th e workin g memory ,  a  soli d edg e indicate s a 
workin g memor y elemen t  an d a  dashe d edg e indicate s a n 
elemen t  tha t  potentiall y  coul d b e i n workin g memory ,  bu t 
currentl y isn't .  Thi s distinctio n i s no t  neede d i n th e tex t 
view ,  bu t  i s crucia l  fo r  th e neura l  view .  I n productio n 
memory,  ther e ar e tw o type s o f  edges ,  on e fo r  th e condi -
tion s (denote d wit h straigh t  edges) ,  an d th e othe r  fo r  ac -
tion s (denote d wit h jagge d edges) .  Soli d an d dashe d edge s 
denot e matche d an d unmatche d triples ,  respectively .  Th e 
binding s ar e represente d b y undirecte d edge s betwee n th e 
vertice s o f  th e workin g memor y grap h an d th e productio n 
memory graph .  A  soli d edg e indicate s a  bindin g o f  a  pro -
ductio n variabl e t o a n objec t  i n workin g memory ,  an d a 
dashe d edg e indicate s a  potentia l  binding . 

A matc h betwee n th e workin g memor y an d a  productio n 
occur s whe n ther e i s a n exac t  matc h betwee n a  subgrap h o f 
workin g memor y an d th e productio n grap h throug h a  se t 
of  bindings ^  .  Fo r  a  successfu l  match ,  ther e wil l  b e exactl y 
one soli d edg e fro m eac h verte x i n th e productio n t o som e 
verte x i n th e workin g memory . 

Productio n system s i n th e neura l  vie w ar e compose d o f 
relativel y simple ,  neuron-lik e processin g unit s ("units "  fo r 

^I n contras t  t o Soa r  4 ,  preference s ar e no t  i n workin g 
memory,  instea d the y exis t  i n preferenc e memory ,  whic h 
canno t  b e matche d b y productions . 
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Figur e 2 .  Networ k Architectur e o f  Neuro-Soar . 

short )  an d weighte d connection s betwee n them .  I n th e neu -
ra l  view ,  ther e i s on e uni t  fo r  eac h edg e i n th e grap h view . 
Th e dettiil s  ar e provide d i n th e followin g section . 

Representation in Neuro-Soar 

Neuro-Soa r  i s compose d o f  fou r  sub-network s an d con -
nection s betwee n the m (se e Figur e 2) .  Thre e o f  th e sub -
network s correspon d t o th e thre e component s describe d i n 
th e previou s section :  th e workin g memor y network ,  th e 
productio n network ,  an d th e bindin g network .  Th e fourt h 
sub-networ k i s th e preferenc e network ,  whic h di d no t  ap -
pear  i n th e previou s sectio n becaus e i t  i s  use d i n th e selec -
tio n o f  operators ,  bu t  no t  i n thei r  application . 

Th e rol e o f  th e workin g m e m o r y networ k ( W M N )  i s t o 
represen t  th e content s workin g m e m o r y a s a  combinatio n o f 
uni t  activations .  I n th e neura l  view ,  eac h W M N uni t  cor -
respond s t o a n edg e i n th e grap h view .  W M N unit s ar e ac -
tivate d b y productio n actions ,  an d deactivate d whe n ther e 
i s n o longe r  a n activate d pat h betwee n the m an d th e goa l 
node .  Thi s deactivatio n proces s correspond s t o a  garbag e 
collectio n proces s i n th e symboli c implementatio n o f  Soar . 

Th e productio n networ k ( P N )  i s  actuall y a  se t  o f  net -
works ,  on e fo r  eac h production .  Eac h networ k ca n b e ac -
tivate d individudly ,  i n parallel ,  b y th e activ e segment s o f 
W MN vi a th e bindin g network .  T o creat e a  P N fo r  a  partic -
ula r  production ,  conditio n an d zictio n unit s ar e create d fo r 
th e conditio n an d actio n edge s i n th e grap h vie w (on e uni t 
per  edge) .  Eac h productio n als o need s a  rul e uni t  t o detec t 
th e join t  activation s o f  al l  th e conditio n units .  Eac h condi -
tio n uni t  i s  connecte d t o th e rul e unit ,  an d th e threshol d o f 
th e rul e uni t  i s  simpl y th e numbe r  o f  conditio n units .  T h e 
rul e uni t  activate s th e actio n units ,  whic h i n tur n activat e 
workin g m e m o r y units . 

Th e bindin g networ k ( B N )  i s th e vehicl e b y whic h condi -
tion s ar e matche d t o workin g memory ,  an d b y whic h action s 
hav e thei r  effect s o n workin g memory .  I n s o doing ,  i t  com -
pute s variabl e binding s betwee n th e P N an d W M N,  an d 
ensure s thei r  consistenc y — eac h instanc e o f  th e sam e vari -
abl e i n a  productio n mus t  bin d t o th e sam e object ,  eac h 
objec t  mus t  bin d t o n o mor e tha n on e variabl e ,  an d n o 
more tha n on e objec t  ca n b e boun d t o an y variabl e a t  th e 
same time .  T h e basi c bindin g unit s ar e obtaine d fro m edge s 
i n th e grap h vie w o f  binding .  Eac h bindin g uni t  represent s 
a particula r  instantiatio n o f  a  variabl e o f  a  productio n t o a 
(potential )  objec t  i n workin g memory . 

Figur e 3  show s ho w consisten t  binding s ar e computed . 

•'Soa r  actuall y enforce s thi s restrictio n i n learne d rules , 
but  no t  i n programme d rules .  I n Neuro-Soa r  i t  i s  enforce d 
fo r  al l  rules . 

• ^  q O ® 

Figur e 3 .  A .  Matchin g mechanis m i n Neuro-Soar .  Unit s 4  an d 2 5 
ar e W M N an d F N units ,  respectively .  Unit s 4 9 an d 5 5 ar e bindin g 
units .  Unit s 9 2 an d 9 3 ar e instantiatio n units .  B .  Mutua l  inhibitio n 
among unit s whos e binding s ar e contradictor y t o eac h other , 
throug h whic h consisten t  variabl e binding s ar e computed . 
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Figur e 4 .  Neuro-Soa r  decisio n procedure .  A .  Proble m spac e rep-
resentation  fo r  operato r  selection .  B .  Correspondin g grap h view . 
C.  Neura l  networ k implementatio n o f  correspondin g preferenc e 
information .  A  ne w laye r  o f  unit s (76,77,78,79 )  i s  introduce d 
wher e mutua l  inhibitor y connection s exis t  b y default .  Preference s 
ar e store d i n sigma-p i  unit s (smal l  units) .  A  selectio n o f  uni t  7 7 b y 
th e neura l  decisio n procedur e wil l  fee d bac k t o uni t  1 7 i n th e 

WMN. 
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T h e bindin g o f  a t  mos t  on e objec t  t o a  variabl e i s  en -
force d b y mutuall y inhibitor y connection s amon g th e bind -
in g unit s fo r  th e variabl e (Figur e 3B) .  Likewise ,  th e bindin g 
of  a n objec t  t o a t  mos t  on e variabl e i s enforce d b y mutua l 
inhibitio n amon g th e bindin g unit s fo r  th e object .  Consis -
ten t  binding s acros s multipl e occurence s o f  th e sam e vari -
abl e ar e enforce d a s show n i n Figur e 3A .  Thi s fragmen t  o f 
th e bindin g networ k exist s t o matc h th e workin g memor y 
tripl e (Block A "  o n BlockB )  t o th e conditio n (<blk-l > ' 
on <blk-2>) .  A s befor e th e unit s i n th e figur e ar e identi -
fied  b y thei r  numbers :  4  i s th e workin g memor y unit ,  2 5 
i s th e conditio n uni t  (i n P N ) ,  4 9 an d 5 5 ar e bindin g units , 
and 9 2 an d 9 3 ar e (partial )  instantiatio n units .  I n th e cur -
ren t  situation ,  bot h uni t  4  (representin g tha t  Block A i s o n 
BlockB )  an d uni t  4 9 (representin g th e bindin g o f  Block A 
t o <blk-l> )  ar e active .  Thi s combinatio n the n activate s 
uni t  92 ,  whic h represent s a  partia d instantiatio n o f  condi -
tio n uni t  25 ;  tha t  is ,  tha t  th e appropriat e elemen t  i s  i n 
workin g memory ,  an d it s first  symbo l  i s boun d t o th e first 
variabl e i n th e condition .  T o pursu e th e matc h further ,  uni t 
55 (representin g th e bindin g o f  Block B t o <blk-2> )  need s 
t o b e activated .  Thi s uni t  receive s activatio n fro m uni t  92 , 
so i f  ther e i s n o competitio n fro m othe r  bindin g unit s fo r 
<blk-2 > — o r  i f  uni t  5 5 simpl y win s th e competitio n — 
uni t  5 5 wil l  becom e activated .  Uni t  9 3 i s analogou s t o uni t 
92 ,  bu t  i t  represent s a  complet e instsintiatio n o f  conditio n 
uni t  2 5 — ther e woul d b e on e uni t  lik e 9 3 fo r  eac h possibl e 
instantiatio n o f  conditio n uni t  25 .  Thi s the n activate s con -
ditio n uni t  25 ,  thu s successfull y completin g thi s segmen t  o f 
th e match . 

Th e overal l  matc h start s wit h a n initia l  bindin g betwee n 
th e goa l  objec t  i n workin g memor y an d th e first  conditio n 
i n eac h production .  Fro m there ,  th e matc h ripple s dow n 
th e networks ,  wit h eac h ne w bindin g tha t  i s  establishe d en -
ablin g furthe r  matche s t o procee d (o r  b e inhibited) .  W h e n 
aU o f  th e condition s o f  a  productio n ar e matched ,  th e pro -
ductio n uni t  become s active ,  an d i n tur n activate s th e ac -
tio n units .  T h e actio n unit s the n modif y workin g memor y 
activation s throug h a n inverte d bindin g network . 

I n additio n t o th e straightforwar d effec t  o f  actio n unit s 
on workin g memory ,  actio n unit s ca n als o modif y workin g 
m e m o ry indirectl y b y assertin g preference s amon g unit s i n 
W MN — thi s i s ho w proble m solvin g operator s ar e selected . 
T h e rol e o f  th e preferenc e networ k (FN )  i s t o reflec t  thes e 
curren t  preference s (durin g th e elaboratio n phase )  an d t o 
selec t  a  uni t  ou t  o f  th e competin g candidat e units ,  base d 
on thei r  preference s (durin g th e decisio n phase) . 

Figur e 4 A show s th e operato r  selectio n episode ,  elab -
orate d wit h th e preference s tha t  lea d t o th e selectio n o f 
Op002 (pu t  Bloc k C  o n th e table) .  Thi s operato r  i s  se -
lecte d becaus e i t  i s  bette r  tha. R OpOOl ,  an d th e othe r  candi -
dat e (Op004 )  i s worst .  Figur e 4 C show s ho w thi s behavio r 
i s implemente d a s a  neura l  decisio n procedur e i n th e pref -
erenc e network .  T h e F N i s buU t  o n to p o f  th e W M N a s a n 
additiona l  laye r  tha t  store s an d processe s preference s (se e 
unit s 76 ,  77 ,  78 ,  7 9 i n Figur e 4C)* .  Th e F N i s  basicall y 
forme d a s winner-take-al l  networ k wit h a  guid e o f  prefer -
ences .  Unar y preference s ar e encode d a s wieght s betwee n 
th e W M N unit s an d th e F N units ,  whil e binar y prefer -
ence s ar e encode d a s weight s betwee n th e competin g unit s 
i n F N .  T h e us e o f  Sigma-P i  units[Rumelhar t  e t  o/. ,  1986 ] 

*I n recdity ,  ther e i s als o on e additiona l  laye r  tha t  handle s 
indifferen t  preference . 

i s require d fo r  thi s (se e smal l  unit s i n Figur e 4C) . 
At  first,  eac h competin g uni t  i n F N receive s a  leve l  o f 

activatio n fro m th e correpondin g uni t  i n W M N tha t  i s a 
functio n o f  it s unar y preferences .  Prodde d b y thes e acti -
vations ,  competitio n the n occur s i n th e binar y preferenc e 
layer ,  whic h the n feed s bac k t o th e W M N units .  I f  a  selec -
tio n ca n b e made ,  processin g continue s wit h anothe r  elabo -
ratio n phase .  Otherwise ,  th e resultin g impass e lead s t o ter -
minatio n (thoug h ultimatel y Neuro-Soa r  mus t  b e extende d 
perfor m subgoa l  generatio n instead) . 

Th e Neuro-Soa r  approac h o f  encodin g preference s a s 
constraint s o n activatio n combinatio n i s no t  guarantee d 
t o yiel d th e sam e outcom e a s woul d b e achieve d throug h 
Soar' s decisio n procedure ,  bu t  i t  doe s captur e th e spiri t  o f 
thei r  meaning .  Th e exten t  t o whic h th e Neuro-Soa r  schem e 
i s actuall y bette r  o r  wors e tha n th e symboli c approac h i s 
stil l  t o b e determined . 

Experiments and Analysis 

So far, Neuro-Soar has been applied in two domains: the 
block s worl d an d th e towe r  o f  Hanoi .  I n thi s section ,  w e 
focu s o n result s fro m th e block s world .  Th e implementatio n 
consist s o f  8  productions .  T w o tes t  problem s hav e bee n ru n 
— Sussman' s anomal y an d a  simple r  proble m o f  unstackin g 
a towe r  o f  thre e blocks .  I n bot h case s Neuro-Soa r  solve d th e 
proble m b y replicatin g th e sequenc e o f  operato r  selection s 
and application s tha t  wer e produce d b y Soa r  whe n i t  wa s 
give n th e sam e knowledge . 

Sinc e Neuro-Soa r  employ s a  loca l  representatio n scheme , 
a sufficien t  numbe r  o f  unit s i n workin g memor y mus t  b e 
preaUocated .  Thi s numbe r  i s dependen t  o n th e numbe r  o f 
object s i n workin g memor y an d thei r  attributes .  Th e num -
ber  o f  unit s i n P N i s dependen t  o n th e numbe r  o f  condi -
tion s an d action s i n th e productions .  Likewise ,  th e numbe r 
of  unit s i n th e bindin g networ k i s relate d t o th e numbe r 
of  object s i n workin g memor y an d th e productions .  Onl y 
a smal l  numbe r  o f  unit s ar e require d i n F N sinc e the y ar e 
buil t  o n to p o f  a  smal l  par t  o f  workin g memory .  Th e block s 
worl d implementatio n require s 13 5 W M N units ,  11 9 P N 
unit s (o f  whic h ther e ar e 8  productio n units ,  4 8 conditio n 
units ,  an d 6 3 actio n units) ,  214 8 B N unit s (o f  whic h ther e 
ar e 18 5 bindin g unit s an d 196 3 instantiatio n units) ,  an d 
10 F N units .  Mor e generally ,  th e wors t  spac e complex -
it y o f  a  tas k implemente d i n Neuro-Soa r  i s a s follows .  Le t 
nUNITnetwro k b e th e numbe r  o f  unit s i n networ k network . 
nUNITp N =  O(nTrp ) 
nUNITwMN =  0(^„„ ^  nOhjHasau r  *  nObjOfattr ) 
nUNITBN =  0{nOBJwM N *  uOBJp n + 

Y^^^^^nWMNaur  *nPNaur ) 
nUNITp N =  O(nOBJwMN) 
wher e nTr p i s th e numbe r  o f  triple s i n productions ; 
nObjHasatt r  an d n O b j O f  ar e th e numbe r  o f  object s o f 
workin g memor y tha t  ca n hav e attribut e att r  an d ca n b e 
th e valu e o f  attr ,  respectively ;  nOBJnetwor k i s th e numbe r 
of  object s i n network ;  an d n W M N a t t r  an d nPNatt r  ar e 
th e numbe r  o f  unit s whic h hav e attribut e attr . 

Th e tim e complexit y fo r  matchin g a  productio n i n 
Neuro-Soa r  i s o n th e orde r  o f  th e m a x i m u m dept h o f  th e 
grap h representatio n o f  th e production .  Th e dept h o f 
th e grap h representatio n i s approximatel y log{nTrp) .  Th e 
matchin g proces s i s  relativel y fas t  an d efficien t  i n term s 
of  neurosimulatio n cycles ,  no t  onl y becaus e th e rule s ar e 
fired  i n parallel ,  bu t  als o becaus e th e vali d partia l  matche s 
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ar e kep t  (analogou s t o stat e savin g i n th e Ret e algorith m 
[Forgy ,  1982]) . 

Related Work 

The tw o classe s o f  relate d wor k t o whic h i t  i s  mos t 
importan t  t o compar e Neuro-Soa r  (othe r  tha n Soa r  it -
self )  are :  othe r  attempt s a t  constructin g neura l  produc -
tio n systems ,  an d othe r  attempt s a t  constructin g neura l 
proble m solvers .  O n th e former ,  tw o previou s system s 
hav e implemente d productio n system s usin g neura l  net -
works ,  th e Distribute d Connectionis t  Productio n Syste m 
by Touretzk y an d Hinton[Touretzk y an d Hinton ,  1988 ] 
and th e Tenso r  Produc t  Productio n Syste m b y Dola n an d 
Smolensky[Dola n an d Smolensky ,  1988] ,  bot h o f  whic h use d 
distribute d representations .  Neuro-Soar ,  thoug h simple r  i n 
tha t  i t  use s a  loca l  representation ,  goe s significantl y beyon d 
thes e tw o system s i n allowin g paralle l  matchin g an d exe -
cutio n o f  productions ,  (unique-attribute )  graph-structure d 
representations ,  an d multipl e variable s pe r  production . 

Ajjanagadd e an d Shastri[Ajjanagadd e an d Shastri ,  1990 ] 
hav e develope d a  connectionis t  syste m tha t  represent s 
knowledg e a s rule s an d fact s wit h multi-plac e predicates . 
A multi-phase d cloc k i s propose d a s a  solutio n t o th e vari -
abl e bindin g problem .  T h e syste m produce s answers ,  whe n 
give n 'yes/no '  questions ,  base d o n th e knowledge .  How -
ever ,  th e syste m lack s a  capabilit y  t o creat e an d alte r  th e 
conten t  o f  it s temporar y knowledg e s o tha t  situatio n de -
penden t  firin g o f  rule s (o r  planning )  i s no t  possible . 

Thi s i s b y n o mean s th e firs t  effor t  t o construc t  a  neural -
network-beise d proble m solve r  (see ,  fo r  example ,  [Sutto n 
and Barto ,  1981 ,  Anderson ,  1989]) .  However ,  th e curren t 
effor t  differ s fro m mos t  o f  th e earlie r  approache s i n addin g 
representationa l  an d structura l  complexit y — specifically , 
graph-structure d object s an d th e decompositio n o f  th e 
overal l  memor y int o fou r  specialize d subnetwork s — i n ser -
vic e o f  domai n generality .  Th e hop e i s tha t  thi s wil l  allo w 
Neuro-Soa r  t o b e extende d u p t o Soar' s ful l  leve l  o f  capa -
bility ,  withou t  ultimatel y sacrificin g learnabilit y o r  neura l 
plausibility . 

Conclusions and Future Work 

Work t o dat e o n Neuro-Soa r  ha s demonstrate d tha t  i t  i s 
possibl e t o reproduc e ke y aspect s o f  Soar' s genera l  goal -
oriente d abilit y  eve n whe n th e implementatio n technolog y 
i s shifte d fro m "symbolic "  t o "neura l  network" .  I n particu -
lar ,  w e hav e demonstrate d a  domain-independen t  approac h 
t o knowledge-drive n operato r  selectio n an d application . 
To accomplis h this ,  w e hav e develope d a  preference-base d 
neural-networ k decisio n procedure ,  an d a  nove l  neural -
networ k productio n syste m tha t  allow s paralle l  matchin g 
and firin g o f  rules ,  grap h structure d objects ,  an d multipl e 
variable s pe r  rule . 

However ,  muc h remain s t o b e don e i n thre e genera l  ar -
eas.  Th e first  are a i s th e completio n o f  Neuro-Soa r  wit h 
respec t  t o Soar' s functionality .  Thi s primaril y involve s th e 
incorporatio n o f  impass e detectio n an d subgoaling ,  us e o f 
multipl e proble m spaces ,  an d learning .  Th e secon d are a 
i s th e loosenin g u p o f  th e desig n s o tha t  i t  les s slavishl y 
follow s ho w thing s ar e currentl y don e i n Soar ,  an d mor e 
take s advantag e o f  th e strength s o f  neura l  networks .  W e 
hav e begu n wit h th e conservativ e approac h o f  tryin g t o 
model  th e existin g Soa r  architectur e a s closel y a s possi -
ble ;  however ,  w e eventuall y wan t  t o ge t  t o wher e w e ca n 

ask whethe r  th e specificatio n o f  Soa r  ough t  t o b e altere d 
becaus e o f  th e advantage s accruabl e fro m usin g neura l  net -
works .  Fo r  example ,  wha t  woul d happe n i f  w e wer e t o shif t 
t o a  distribute d representatio n fo r  memory ,  base d perhap s 
on a  tensor-produc t  formulatio n [Smolensky ,  1990] ,  o r  i f 
we wer e t o shif t  fro m a  neural-networ k analogu e o f  chunk -
in g t o a  mor e typicall y neura l  learnin g algorithm .  Woul d 
suc h change s resul t  i n a  mor e robus t  syste m tha t  ca n lear n 
mor e effectively ? Th e thir d are a i s t o se e whethe r  Neuro -
Soar  provide s leverag e i n interfacin g Soa r  t o externa l  envi -
ronments .  Woul d encodin g th e require d signal-to-symbo l 
transducer s i n neural-network s tha t  ar e directl y connecte d 
t o Neuro-Soa r  provid e a  mor e seamles s interfac e tha n i s 
no w provide d b y th e us e o f  Lis p cod e fo r  th e transducers ? 
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