
Recurs i v e Auto-Associat iv e M e m o r y : 
Dev i s i n g Compos i t i ona l  Distribute d Representat ion s 

Jordan Pollack 

Computing Research Laboratory 
N ew Mexic o Stat e Universit y 

INTRODUCTION 

A major outstanding problem for connec-
tionis t  model s i s  th e representatio n o f  variable -
size d recursiv e an d sequentia l  dat a structures , 
suc h a s tree s an d stacks ,  i n fixed-resource  sys -
tems .  Suc h representationa l  scheme s ar e crucia l 
t o effort s i n modelin g high-leve l  cognitiv e facul -
ties ,  such  a s Natura l  Languag e processing .  Pur e 
connectionis m ha s thu s fa r  generate d somewha t 
unsatisfyin g system s i n thi s domain ,  fo r  example , 
whic h pars e fixed  lengt h sentence s (Cottrell , 
1985 ;  Fant y 1985 ;  Selman ,  1985 ;  Hanso n & 
Kegl ,  1987) ,  o r  flat  one s (McCIeUan d & 
Kawamoto ,  1986). ^ 

Thus ,  on e o f  th e mai n attack s o n connec -
tionis m ha s bee n o n th e inadequac y o f  it s 
representations ,  especiall y o n thei r  lac k o f  com -
positionaUt y (Fodo r  &  Pylyshyn ,  1988) . 

However ,  som e desig n wor k ha s bee n don e 
on general-purpos e distribute d representation s 
wit h limite d capacit y fo r  sequentia l  o r  recursiv e 
structures .  Fo r  example ,  Touretzk y ha s 
develope d a  coarse-code d memor y syste m an d 
use d i t  bot h i n a  productio n syste m (Touretzk y & 
Hinton ,  1985 )  an d i n tw o othe r  symboli c 
processe s (Touretzky ,  1986ab) .  I n th e past-tens e 
model ,  Rumelhar t  an d McClellan d (1986 ) 
develope d a n implicitl y  sequentia l  representation , 
wher e a  patter n o f  well-forme d overlappin g tri -
ple s coul d b e interprete d a s a  sequence . 

Althoug h bot h representation s wer e suc -
cessfu l  fo r  thei r  prescribe d tasks ,  ther e remai n 
some problems . 

•  First ,  a  larg e amoun t  o f  huma n effor t  wa s 
involve d i n th e design ,  compressio n an d 
tunin g o f  thes e representations . 

•  Second ,  bot h requir e expensiv e an d com -
ple x acces s mechanisms ,  suc h a s pullou t 
network s (Mozer ,  1984 )  o r  clause-space s 
(Touretzk y &  Hinton ,  1985) . 

•  Third ,  the y ca n onl y encod e structure s 
compose d o f  a  fixed  tin y se t  o f  representa -
tiona l  elements ,  (i.e .  lik e triple s o f  2 5 
tokens) ,  an d ca n onl y represen t  a  smal l 
number  o f  thes e element-structure s befor e 
spuriou s element s ar e introduced^ .  Thes e 

representationa l  space s are ,  figuratively 
speaking ,  lik e a  "prairie "  covere d i n shor t 
bushe s o f  onl y a  fe w species . 

•  Finally ,  the y utiliz e onl y binar y code s ove r 
a larg e se t  o f  units . 

Th e compositiona l  distribute d representa -
tion s devise d b y th e techniqu e t o b e describe d 
belo w demonstrat e somewha t  opposing ,  and ,  I 
believe ,  bette r  properties : 

•  Les s huma n wor k i n desig n b y lettin g a 
machin e d o th e work , 

•  Simpl e an d deterministi c access  mechan -
isms , 

•  A  mor e flexible  notio n o f  capacit y i n a 
"tropical "  representationa l  space :  a  poten -
tiall y  ver y larg e numbe r  o f  primitiv e 
species ,  whic h combin e int o tall ,  bu t 
spars e structures . 

•  Finally ,  th e utilizatio n o f  analo g encodings . 

Th e res t  o f  thi s pape r  i s organize d a s fol -
lows .  First ,  I  describ e th e strateg y fo r  learnin g 
t o represen t  stack s an d trees ,  whic h involve s th e 
co-evolutio n o f  th e trainin g environmen t  alon g 
wit h th e acces s mechanism s an d distribute d 
representations .  Second ,  I  allud e t o severa l 
experiment s usin g thi s strategy ,  an d provid e th e 
detail s o f  a n experimen t  i n developin g represen -
tation s fo r  binar y syntacti c trees .  And ,  finally, 
some crucia l  issue s ar e discussed . 

RECURSIVE AUTO-ASSOCIATIVE MEMORY 

Learning To Be A Stack 

Conside r  a  variable-dept h stac k o f  L-bi t 
items .  Fo r  a  particula r  application ,  both  th e se t 
of  item s (i.e .  a  subse t  o f  th e 2 ^  patterns )  an d th e 
orde r  i n whic h the y ar e pushe d an d poppe d ar e 
m u ch mor e constraine d than ,  say ,  al l  possibl e 
sequence s o f  A ^  suc h patterns ,  o f  whic h ther e ar e 
2 .  Give n thi s fact ,  i t  shoul d b e possibl e t o 
buil d a  stac k wit h les s tha n L N unit s (a s i n a 
shift-registe r  approach )  bu t  mor e tha n L  unit s 
wit h les s tha n N  bit s o f  analo g resolution ,  a s i n 
an approac h usin g fractiona l  encoding s suc h a s 
th e on e I  use d i n th e constructio n o f  a  "neurin g 
machine "  (Pollack ,  1987a) . 

'  I t  i s  possibl e t o ge t  aroun d som e o f  thes e problem s 
by resorting  t o hybri d modeling ,  e.g .  (Walt z &  Pollack , 
1985) . 

^  Rosenfel d an d Touretzk y (1987 )  provid e a  nic e 
analysi s o f  coarse-code d symbo l  memories . 

33 



P O L L A CK 

The proble m i s findin g suc h a  stac k fo r  a 
particula r  application . 

M UNIT S 

I  stack I 

.  /\ 
I  STAC K I  TO P I 

M +  L  UNIT S 

M +  L  UNIT S 

I STACK I TOP I 

STACK 

M UNIT S 

Figur e 1 . 

Propose d invers e stac k mechanism s 
i n single-layere d feedforwar d net -
works . 

Consider representing a stack in a activity 
vecto r  o f  M bounde d analo g values ,  wher e 
M > L .  Pushin g a  L  -bi t  vecto r  ont o th e stac k i s 
essentiall y a  functio n tha t  woul d hav e L + M 
inputs ,  fo r  th e ne w ite m t o pus h plu s th e curren t 
valu e o f  th e stack ,  an d M outputs ,  fo r  th e ne w 
valu e o f  th e stack .  Poppin g th e stac k i s a  func -
tio n tha t  woul d hav e M inpu t  units ,  fo r  th e 
curren t  valu e o f  th e stack ,  an d L + M outpu t 
units ,  fo r  th e to p ite m plu s th e representatio n fo r 
th e remainin g stack .  Potentia l  mechanism s i n th e 
for m o f  single-layere d network s ar e show n i n 
figure  1 .  Th e operatio n performe d b y a  singl e 
laye r  i s  a  vector-by-matri x multiplicatio n an d 
the n a  non-linea r  scalin g o f  th e outpu t  vecto r  t o 
betwee n 0  an d 1  b y a  logisti c function . 

Al l  w e nee d fo r  a  stac k mechanis m then , 
ar e thes e tw o function s plu s a  distinguishe d M -
vecto r  o f  numbers ,  e ,  th e empt y vector .  T o pus h 
element s ont o th e stack ,  simpl y encod e th e ele -
ment  plu s th e curren t  stack ;  t o po p th e stack , 
decod e th e stac k int o th e to p elemen t  an d th e 
forme r  stack .  Not e tha t  thi s i s  a  recursiv e 
definition ,  wher e previousl y encode d stack s ar e 
use d i n furthe r  encodings .  Th e proble m i s tha t  i t 
i s  no t  a t  al l  clea r  h o w t o desig n thes e functions , 
whic h involv e som e magica l  wa y t o recursivel y 
encod e L + M number s int o M number s whil e 
preservin g enoug h informatio n t o consistentl y 
decod e th e L  + M number s back . 

O ne clu e fo r  h o w t o d o thi s come s fro m 
th e Encode r  Proble m (Ackley ,  Hinton ,  & 
Sejnowski ,  1985) ,  wher e a  spars e se t  o f  fixed-
widt h pattern s ar e encode d int o a  se t  o f  pattern s 
of  smalle r  width .  Back-propagatio n ha s bee n 
quit e successfu l  a t  thi s problem ,  whe n use d i n a n 
unsupervise d autoassociativ e m o d e o n a  thre e 
laye r  network .  Rumelhart ,  Hinton ,  &  William s 
(1986 )  onl y demonstrate d a n 8-3- 8 encoder, ^  bu t 
Cottrell ,  Munro ,  &  Zipse r  (1987 )  demonstrate d a 
64-16-6 4 encode r  an d Hanso n &  Keg l  (1987 ) 
use d a  270-45-27 0 network . 

^  Th e thre e number s correspon d t o th e numbe r  o f  un -
it s i n eac h laye r  o f  a  3-laye r  feed-forwar d network .  I 
wil l  no t  describ e back-propagatio n here ,  assumin g tha t 
th e reader  i s  familia r  wit h th e technique .  An y pro -

Thes e encode r  network s ar e no t  directl y 
applicabl e t o th e stac k mechanism ,  becaus e th e 
compresse d representation s ar e neve r  furthe r  pro -
cessed .  Bu t  the y ca n be . 

Conside r  a  se t  o f  trainin g example s fo r  a 
stac k a s snapshot s o f  th e deepes t  state s som e 
procedur e usin g tha t  stac k creates .  Fo r  example , 
i f  th e procedur e performe d th e followin g stac k 
operation s generatin g th e correspondin g stac k 
stales : 

stagk state 
PUSH A 
PUSHB 
PUSHC 
POP 
P U S HD 
PUSHC 
POP 
POP 
POP 
P U S HD 
POP 
POP 

(A ) 
(BA ) 
( C B A ) 
(BA ) 
( D B A ) 
( C D  B  A ) 
( D B A ) 
(BA ) 
(A ) 
(DA ) 
(A ) 
0 

Then th e deepes t  state s create d ar e ( C B  A) ,  ( C 
D B  A) ,  an d ( D A) ,  sinc e al l  th e othe r  stac k 
state s ar e "substacks "  o f  thes e three . 

OUTPUT 

— I STACK I TOP I 

TRAININ G 
ENVIRONMENT 

FEEDBACK 
STACK I  HIDDE N 

/ \ 
STACK I  TO P 

INPUT 

Figure 2. 

Recursiv e Autoassociativ e Memory . 
The memor y develop s compositiona l 
distribute d representation s a s th e 
output s o f  th e hidde n layer .  Th e 
developin g representation s ar e fe d 
bac k int o th e trainin g environment , 
whic h therefor e evolve s wit h th e 
weight s i n th e network . 

Consider simultaneously training the push 
and po p mechanism s fro m figure  1 .  Take n 
together ,  the y for m a n encode r  networ k a s show n 
i n Figur e 2 ,  wit h L + M inpu t  units ,  M hidde n 
units ,  an d L + M outpu t  units .  I f  th e symbol s 

grammed implementatio n o f  i t  ca n b e simpl y modifie d 
t o d o recursive  auto-association .  Thes e modifications , 
whic h involv e usin g tw o erro r  tolerances ,  an d a  mechan -
is m t o save ,  restore ,  an d cop y th e outpu t  value s o f  th e 
hidde n laye r  int o th e inpu t  layer ,  wUl  b e mad e obviou s 
throug h th e discussion . 
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above ,  A  throug h D ,  represen t  L  -bi t  vectors ,  an d 
e i s a  distinguishe d vecto r  o f  siz e M ,  the n a  suc -
cessfu l  applicatio n (t o b e define d below )  o f 
back-propagatio n ove r  thi s networ k wit h th e fol -
lowin g se t  o f  trainin g example s ca n develo p th e 
mechanism s fo r  thi s stack .  Th e roma n letter s 
indicat e particula r  L  -bi t  patterns ,  /? ,  (/ )  represent s 
th e M value s o f  th e hidde n unit s fo r  a  particula r 
exampl e durin g a  particula r  trainin g epoch ,  an d + 
i s use d t o indicat e concatenatio n rathe r  tha n 
addition . 

inpu t hidde n outpu t 

A+£ 

C+RBA f̂) 

A+e 
B+/?̂ (i ) 

^Rba^' ) 
C+RdbaO) 

A+e 
D+/? (̂ 0 

Ther e 
on here . 

- » 
—> 

—» 
—» 
—» 
—» 

—> 
- • 

KaC) 
î baC ) 
HcbaO) 

Î aO ) 
î baC ) 
Î dbaC ) 
RcdbaC) 

RaO) 

—> 
—» 
—> 

—» 
—» 

—y 

—) 

A'+e ' 
B'+« (̂/) ' 

C'+RbaOY 

A'+e ' 
B'+«a(0 ' 
O'+RbaOY 
C+RoBAit y 

A'+e ' 
T>'+Ra(' Y 

ar e severa l  nonobviou s thing s goin g 

Firs t  o f  all ,  th e (initiall y  random )  value s o f 
th e hidde n units ,  /?,(/) .  ar e par t  o f  th e trainin g 
environment .  A s th e weight s i n th e syste m 
evolve ,  s o doe s th e trainin g environment .  Th e 
stabilit y  an d convergenc e o f  th e networ k i s thu s 
sensitiv e t o th e learnin g rate .  I t  mus t  b e se t  lo w 
enoug h tha t  th e chang e i n th e hidde n representa -
tion s doe s no t  invalidat e th e decreasin g erro r 
grante d b y th e chang e i n weights . 

I n lie u o f  a  forma l  proo f  o f  convergence ,  I 
simpl y argu e inductivel y tha t  th e termina l  train -
in g pattern s ar e constant ,  s o tha t  th e pattern s o f 
dept h 1  becom e constan t  a s learnin g proceeds ;  a s 
the y becom e stable ,  th e pattern s o f  dept h 2  star t 
t o stabilize ,  an d s o on .  Thi s pape r  focuse s o n th e 
strateg y fo r  finding  thes e representations ,  s o 
whil e stabilit y  an d convergenc e i n learnin g i s a n 
importan t  problem ,  her e i t  i s  onl y a  secondar y 
issue .  A s wil l  b e discusse d later ,  i t  ma y b e pos -
sibl e t o solv e auto-associatio n problem s directl y 
throug h algebrai c means . 

The secon d nonintuiliv e poin t  i s  tha t  th e 
networ k i s no t  reall y bein g traine d a s a  stack ! 
Considerin g tha t  th e input-to-hidde n functio n 
perform s a  P U S H,  an d th e hidden-to-outpu t  func -
tio n functio n a  POP ,  th e trainin g regim e involve s 
multipl e PUSHes ,  bu t  onl y singl e POPs . 

Ente r  th e notio n o f  successfu l  training ,  b y 
whic h I  mea n th e usua l  terminatio n conditio n fo r 
back-propagation :  Fo r  eac h example ,  an d fo r 
eac h unit ,  th e absolut e valu e o f  th e differenc e 
betwee n desire d an d actua l  outpu t  i s les s tha n 
some tolerance . 

For  th e encode r  an d decode r  t o reall y 
work ,  however ,  th e toleranc e o n th e develope d 
representation s ha s t o b e quit e sharp .  Afte r  push -

in g A ,  th e stac k i s represente d b y /?^ .  Afte r 
pushin g B ,  th e stac k i s represente d b y Rb a •  Pop -
pin g /?B A return s B '  an d R ^  ' •  I n orde r  t o success -
full y po p R a '  1 0 ge t  A '  an d e' ,  /?^ '  mus t  b e ver y 
simila r  t o R ^  • 

I n runnin g th e simulations ,  then ,  I  us e tw o 
differen t  tolerances ,  a  termina l  tolerance ,  x ,  fo r 
th e input/outpu t  bit-vectors ,  an d anothe r  non -
termina l  tolerance ,  v  fo r  th e developin g hidde n 
representations .  I n th e experiment s describe d 
below ,  I  us e t=0. 2 an d v==0.05 . 

The thir d conceptua l  proble m i s tha t  th e 
tw o part s o f  th e R A A M reall y defin e separat e 
mechanisms ,  a  P U S H encode r  an d a  P O P 
decoder ,  whic h wil l  b e embedde d i n differen t 
part s o f  a n applicatio n networ k wit h som e 
simple r  sor t  o f  memor y an d contro l  logic .  Tha t 
thes e mechanism s ar e tightl y couple d i n trainin g 
doe s no t  mea n tha t  the y alway s for m a  singl e 
network . 

I  hav e ru n severa l  experiment s i n learnin g 
distribute d representation s fo r  sequence s whos e 
detail s ar e omitte d fo r  lac k o f  space .  O n e 21-12 -
21 R A A M learne d t o b e a  stac k fo r  a  networ k 
usin g a  recursiv e subgoa l  strateg y t o solv e th e 
Towers-of-Hano i  Puzzle ;  Anothe r  15-10-1 5 
R A AM learne d t o represen t  sequence s o f  letter s 
(encode d a s 5  bi t  numbers )  i n c o m m o n words ; 
and a  thir d experimen t  o n a  4-3- 4 R A A M traine d 
on al l  eigh t  depth- 3 pattern s o f  a  singl e bi t  stac k 
develope d int o a  shif t  register . 

Learning to Represent Trees 

Considerin g tha t  a  stac k i s reall y a  right -
branchin g binar y tre e wit h a  distinguishe d empt y 
symbol ,  i t  shoul d b e obviou s tha t  thi s mechanis m 
can als o b e adapte d fo r  dealin g wit h othe r  fixe d 
valenc e trees .  Fo r  a  trainin g se t  consistin g o f 
unlabele d binar y tree s wher e th e terminal s ar e 
/C-bi t  binar y vectors ,  a  three-laye r  networ k wit h 
I K inpu t  units ,  K  hidde n units ,  an d I K outpu t 
unit s ca n b e use d t o develo p representation s fo r  a 
set  o f  suc h trees .  Th e input-to-hidde n functio n 
encode s tw o tree s int o a  new ,  higher-level ,  tree , 
whil e th e hidde n t o outpu t  funcdo n decode s a 
tre e int o tw o subtrees . 

Conside r  th e tree ,  (( D ( A N))( V ( P ( D 
N))) ,  a s on e member  o f  a  trainin g se t  o f  suc h 
U-ees .  I f  th e aforemendone d networ k i s success -
full y traine d wit h th e followin g pattern s (amon g 
othe r  suc h pattern s i n th e trainin g environment) , 
th e resultan t  encode r  an d decode r  network s ca n 
reliabl y for m representauon s fo r  thes e binar y 
trees . 
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inpu t hidde n outpu t 

A+N 
D+ZJ^C) 
EM-N 
P+RdnH) 
V+/?roN(' ) 
'^OywC'H^VPDwCO 

-*/?an(' ) 
/̂?DAA/(' ) 

-^RdnO ) 
-^RpdnO ) 
- *  f^VPD N 0  ) 
- •  f^DANVPD N ( 0 

- ^  A'+N ' 
^D'+/?^(r) ' 
- •  D'+N ' 
-•P'+/?ow(0 ' 
-,W+Rpon(i ) 
-»Rdan(iY+ R (.') ' VPDN 

DETAIL S O F A N EXPERIMENT 

In fact, the above example was part of the 
first  experimen t  I  ra n o n learnin g t o represen t 
trees .  Conside r  a  simpl e grammar ,  wher e ever y 
rul e expansio n ha s exactl y tw o components : 

S -> NP VP I NP V 
NP - > D  A P I  D  N  I  N P P P 

PP - > P  N P 
VP - > V  N P I  V  P P 
AP - > A  A P I  A  N 

Give n a  se t  o f  string s i n th e languag e 
define d b y thi s grammar ,  an y ol d parse r  i s capa -
bl e o f  returnin g brackete d binar y tree s whic h wil l 
make u p ou r  trainin g set .  I  mad e u p suc h a  se t  o f 
strings ,  an d use d a  parse r  t o ge t  th e followin g se t 
of  trees : 

(D(A(A(AN)))) 
(( D N)( P ( D N)) ) 

( V ( D N) ) 
( P ( D ( A N)) ) 

((DN)V ) 
(( D N )  ( V ( D ( A N)))) ) 

(( D ( A N) )  ( V ( P ( D N))) ) 
Each termina l  ( D A  N  V  &  P )  wa s 

represente d a s a  l-bit-in- 5 cod e padde d wit h 5 
zeros .  A  20-10-2 0 R A A M devise d th e represen -
tation s show n i n figure  3 . 

ĴP 

\J P 

=p 

AP 

S 

(DN) 

( D ( A ( A ( A N))) ) 
( D ( A N) ) 

aDN)(P(DN)) ) 

( V ( P ( D N)) ) 
( V ( D ( A N)) ) 

(\J(DH\ \ 

(P(DN) ) 

(P(D(AN)) ) 

(AN) 

(A ( A N) ) 
( A ( A ( A N)) ) 

(( D N )  V ) 

(( D N )  ( V ( D ( A N))) ) 

((D(AN))(V(P{DN))) ) 

DDD n n 
oDDD D 
odd b n 
• .o • • • •DD • 
• • • • . . .nn o 
•.Do-D-Dn D 
•  -  n » -D-Cl '  a 
- •D - -n •D" • 
•-D--D-OD D 

•  ODUOD •  o[ J -
• •DDD••-o • 
••DDD'•-D * 
CjD-DD'QoD -

•n«••o.no • 

Figur e 3 . 

Representation s o f  al l  th e binar y 
tree s i n th e trainin g set ,  devise d b y a 
20-10-2 0 R A A M.  manuall y clustere d 

by phrase-type .  Th e square s 
represen t  value s betwee n 0  an d 1  b y 
area . 

I labeled each tree and its representation by 
th e phras e typ e i n th e grammar ,  an d sorte d the m 
by type .  Th e R A A M ha s clearl y develope d a 
representatio n wit h similarit y betwee n member s 
of  th e sam e type .  Fo r  example ,  th e thir d featur e 
seems t o b e clearl y distinguishin g sentence s fro m 
non-sentences ,  th e fifth  featur e seem s t o b e 
involve d i n separatin g adjectiv e phrase s fro m 
others ,  whil e th e tent h featur e appear s t o distin -
guis h prepositiona l  an d nou n phrase s fro m oth -
ers.' ' 

At  th e sam e time ,  th e representatio n mus t 
be keepin g enoug h informatio n abou t  th e sub -
tree s i n orde r  t o accuratel y reconstruc t  them . 

The encode r  an d decode r  network s thu s 
for m a  recursiv e well-formednes s tes t  a s follows : 
Tak e tw o trees ,  encod e the m int o a  new ,  higher -
level ,  tree ,  an d decod e tha t  bac k int o tw o sub -
trees .  I f  th e subtree s ar e reconstructe d withi n 
toleranc e (i.e .  x  fo r  termina l  binar y vectors ,  an d 
V fo r  non-termina l  analo g vectors )  tha n tha t  tre e 
ca n b e sai d t o b e well-formed . 

Th e implication s fo r  conventiona l  parsin g 
i s tha t  instea d o f  searchin g a  gramma r  fo r  a  rul e 
whos e right-hand  side s matche s th e tw o phrase -
markers ,  w e ca n accomplis h thi s searc h wit h a 
simpl e feed-forwar d computatio n an d paralle l 
element-by -  elemen t  comparison .  Thi s coul d lea d 
t o a  somewha t  nift y spee d improvement . 

Th e implication s fo r  connectionis t  parsin g 
i s tha t  th e outpu t  o f  a n unsupervise d R A A M 
coul d b e th e teache r  fo r  a  supervise d sequentia l 
learnin g techniqu e suc h a s sequentia l  cascade d 
network s (Pollack ,  1987b) . 

Furthermore ,  th e well-formednes s tes t  ca n 
be use d i n a  generato r  a s follows .  Star t  wit h a 
poo l  o f  tree s compose d o f  th e terminals .  Tak e 
ever y pai r  o f  tree s fro m th e pool ,  appl y th e 
well-formednes s test ,  an d i f  i t  passes ,  ad d th e 
ne w higher-leve l  tre e t o th e pool . 

Runnin g thi s generato r  ove r  th e networ k 
forme d fro m th e abov e experimen t  yielde d th e 
followin g tw o interestin g pars e trees ,  amon g 
many sill y  ones : 

(((D N)(P (D N)))(P (D N))) 
(( D ( A N))( V ( D N) ) 

The first  seem s t o b e a  recursiv e applica -
tio n o f  th e N P - > N P P P rule ,  whil e th e secon d i s 
a singl e instanc e o f  a  know n N P newl y appearin g 
i n a  VP . 

*  I n fact ,  b y thes e metrics ,  th e tes t  cas e (( D N)( P ( D 
N)) )  shoul d reall y b e classifie d a s a  sentence ;  sinc e i t 
w as no t  use d i n an y othe r  construction ,  ther e w a s n o 
reaso n fo r  th e R A A M t o believ e otherwise . 
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I n m y experiment s thu s far ,  R A A MS liav c 
onl y show n evidenc e o f  ver y limite d gcnerativit y 
i n thi s sense .  Th e issu e wil l  b e discusse d furthe r 
below . 

DISCUSSION 

The Tricks That Make RAAMS Work 

Extensiona l  Programmin g (Cottrell ,  et .  al , 
1987) .  Give n that ,  wit h suitabl e contro l  logic , 
th e encode r  produce s a  fixed-length  analo g 
representatio n fo r  a  sequenc e o r  tre e whic h th e 
decode r  ca n decompos e an d reconstruc t  int o a 
goo d facsimil e o f  th e origina l  sequenc e o r  tree , 
the n th e fixed-length  vecto r  mus t  b e representin g 
tha t  sequenc e o r  tree . 

Embeddin g th e developin g representation s 
int o th e trainin g environment .  Thi s i s reall y new , 
thoug h McClellan d &  St .  Joh n (1986) , 
apparentl y trie d somethin g similar . 

Recursivel y Reduce d Descriptions .  Recur -
siv e Autoassociativ e M e m o r y appear s t o imple -
ment  on e o f  Hinton' s (unpublished )  idea' s tha t 
has bee n floating  aroun d fo r  a  coupl e o f  years . 
Wit h implementation ,  however ,  come s bot h vali -
datio n an d bette r  understanding . 

Constraine d Co-evolutio n o f  Multipl e 
Mechanisms .  Th e encode r  an d decode r  o f  a 
R A AM ar e reall y separat e mechanism s whic h ar e 
evolve d simultaneousl y an d cooperat e t o develo p 
a share d representation .  Ther e m a y b e a  usefu l 
foundationa l  principl e a t  wor k 

Performanc e Induce d fro m Toleranc e 
Chaining .  Neithe r  stac k no r  tre e mechanism s ar e 
reall y traine d t o b e wha t  the y become .  I  a m 
makin g a n induction ,  backe d u p b y lot s o f  exper -
imentation ,  tha t  i f  a n origina l  encode d represen -
tatio n i s compresse d eve n furthe r  b y th e encoder , 
but  ca n b e reconstructe d b y th e decode r  t o withi n 
a clos e toleranc e o f  th e original ,  the n thi s recon -
structe d representatio n ca n b e decode d almos t  a s 
wel l  a s th e original .  I t  stand s t o reaso n tha t  th e 
erro r  toleranc e mus t  ge t  smalle r  a s th e desire d 
representation s ge t  deeper ,  bu t  thi s ha s no t  ye t 
bee n quantified . 

Compositionality is Settled 

Fodo r  &  Pylyshy n (1988 )  attacke d th e 
non-compositiona l  natur e o f  connectionis t 
representations ,  whil e McDermot t  (1986 )  chal -
lenge d th e communit y t o b e abl e t o represen t  an d 
reaso n abou t  th e meanin g o f  a  comple x sentenc e 
like :  "Sh e i s mor e a t  h o m e wit h he r  fello w stu -
dent s tha n wit h m e ,  he r  advisor. " 

Compositionalit y an d complexit y ar e n o 
longe r  cripplin g issue s fo r  connectionism .  Th e 
representation s tha t  R A A M ' s develo p m a y no t  b e 
obvious ,  excep t  i n th e simples t  an d mos t  highl y 
constraine d cases ,  bu t  the y ar e compositiona l  i n 
th e strictes t  sense . 

Systematicity is not Settled 

Unfortunately ,  Fodo r  &  Pylyshyn' s genera -
tiv e capacit y issue ,  whic h the y calle d "systema -
ticity" ,  stil l  stand s fo r  th e tim e being .  Ther e ar e 
essentiall y  thre e possibilities ,  whic h wil l  b e 
explore d i n futur e work .  Give n tha t  I  hav e show n 
some limite d generativ e capacit y i n th e for m o f  a 
smal l  numbe r  o f  ne w usefu l  representations ,  I 
believ e tha t  eithe r  th e second ,  third ,  o r  bot h wil l 
be th e case . 

1 R A A M wil l  no t  b e abl e t o develo p sys -
tematicity ; 

2 Bette r  trainin g environment s an d bette r 
activatio n function s ar e needed ;  o r 

3 Critica l  mass ,  i n term s o f  networ k siz e o r 
trainin g environmen t  size ,  i s  needed . 

Default Topology and Training is not Essen-
tia l 

Ther e i s n o reaso n w h y onl y singl e leve l 
network s fo r  th e encode r  an d decode r  shoul d b e 
used .  Hidde n unit s i n th e decode r  a s wel l  a s rea l 
threshold s wil l  probabl y b e necessar y fo r  a 
R A A M t o develo p a  rea l  analo g stac k representa -
tion ,  whic h m a y affec t  generativ e capacity^ . 

On th e othe r  hand ,  thi s simpl e for m o f 
autoassociatio n m a y b e directl y solvabl e b y 
linea r  methods :  Cottrell ,  et .  al .  (1987 )  reporte d 
tha t  thei r  autoassociato r  essentiall y  perform s 
decompositio n int o principa l  components ,  whil e 
Bourlar d &  K a m p (1988 )  reporte d tha t  autoasso -
ciativ e network s hav e direc t  an d optima l  alge -
brai c solutions .  Whethe r  suc h method s ca n b e 
implemente d unde r  th e constraint s o f  extrem e 
locality ,  an d whethe r  the y migh t  exten d t o recur -
siv e autoassociatio n ar e still ,  however ,  ope n 
questions . 

CONCLUSIONS 

Implications: The Ultimate Capacity Of 
R A A MS 

I  d o no t  hav e an y close d analytica l  form s 
fo r  th e capacit y o f  R A A M s .  Somebod y els e wil l 
hav e t o d o tha t  work .  Give n tha t  i s i s no t  reall y 
an file-cabinet  o r  content-addressabl e memory , 
but  a  memor y fo r  a  gestal t  o f  rule s fo r  recursiv e 
patter n compressio n an d reconstruction ,  result s 
suc h a s Willshaw' s (1981 )  an d Hopfield' s (1982 ) 
do no t  directl y apply .  Binar y pattern s ar e no t 
bein g stored ,  s o on e canno t  simpl y coun t  h o w 
many. 

I  hav e considere d th e capacit y o f  suc h a 
m e m o ry i n th e limit ,  however ,  wher e th e actua l 
function s an d analo g representation s ar e no t 
bounde d b y singl e linea r  transformation s an d sig -
moid s o r  b y 32-bi t  floating  poin t  resolution . 

5 Th e ultimat e iron y her e woul d h) e i f  th e 
competence/performanc e distinctio n reduce d t o a  prob -
le m i n roundof f  error . 
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Saund (1987 )  ha s investigate d autoassocia -
tio n a s a  metho d o f  dimensionalit y reduction , 
and asserte d that ,  i n orde r  t o work ,  th e dat a mus t 
be constraine d t o for m a  smal l  dimensiona l 
parametri c surfac e i n a  large r  dimensiona l  space . 

Conside r  jus t  a  2-1- 2 autoassociator .  I t  i s 
reall y a  reconstructibl e mappin g fro m dat a point s 
on th e uni t  squar e t o uniqu e point s o n th e uni t 
line .  I n orde r  t o work ,  th e environmen t  shoul d 
defin e a  parametri c 1-dimensiona l  curv e i n 2 -
space ,  perhap s a  se t  o f  connecte d splines .  A s 
more an d mor e dat a point s nee d t o b e encoded , 
thi s parametri c curv e mus t  ge t  "curvier "  t o 
cove r  them .  I n th e limit ,  i t  i s  n o longe r  a  1 -
dimensiona l  curve ,  bu t  a  space-fillin g curv e wit h 
a fractiona l  dimension .  (A t  thi s point ,  however , 
th e similarit y betwee n nearb y point s i s lost. ) 

I t  i s  no t  ye t  th e tim e t o discus s th e impli -
cation s o f  fracta l  representation s fo r  AI :  Jus t 
conside r  tha t  th e decompositio n o f  meanin g can -
not  reall y sto p a t  a  semanti c primitiv e suc h a s 
" M T R A N S ". 

Applications: Inference By Association 

I f  th e reade r  almos t  believe s tha t  (1 )  com -
ple x Al-styl e representation s ca n no w b e 
encode d int o fixed-length  analo g vectors ,  whic h 
ar e compositional ,  similarity-based ,  an d recursiv e 
i n nature ,  an d (2 )  tha t  function s ca n b e devised , 
say ,  usin g back-propagation ,  whic h perfor m arbi -
trar y association s (tha t  ca n generalize )  betwee n 
suc h fixed-width  vectors ,  tha n i t  i s no t  to o har d a 
lea p t o believ e tha t  i t  ma y b e possible ,  i n th e 
near  future ,  t o construc t  simple ,  constant-time , 
deterministi c (bu t  fallible )  mechanism s fo r 
apparend y rule-base d processe s suc h a s parsing , 
logica l  deduction ,  plausibl e inference ,  and , 
perhaps ,  even ,  syntacti c transformations . 

I  wil l  b e explorin g severa l  o f  thes e appli -
cations ,  wit h th e sloga n o f  "Associativ e Infer -
ence "  ove r  th e nex t  year . 
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