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T w o Laye r  Digita l  R A A M 

Alan D. Blair 
Dept .  o f  Compute r  Scienc e 

Vole n Cente r  fo r  Comple x System s 
Brandei s Universit y 

Waltham ,  M A 02254-911 0 
b l a i r @ c s . b r a n d e i s . e d u 

Abstrac t 

We present modifications to Recursive Auto-Associative Mem-
or y whic h increas e it s robustnes s an d storag e capacity .  Thi s 
i s don e b y introducin g a n extr a laye r  t o th e compresso r  an d 
reconstructo r  networks ,  employin g intege r  rathe r  tha n real -
value d representations ,  pre-conditionin g th e weight s an d pre -
settin g th e representation s t o b e compatibl e wit h them ,  an d 
usin g a  quick-pro p modification .  Initia l  studie s hav e show n 
thi s metho d t o b e reliabl e fo r  dat a set s wit h u p t o thre e hundre d 
subtrees . 

Revie w o f  R A A M 

Recursive Auto-Associative Memory or RAAM (Pollack, 
1990 )  i s a  metho d fo r  storin g tre e structure s i n a  fee d forwar d 
network .  It' s architectur e i s ver y simila r  t o tha t  o f  encode r  net -
work s (Ackley ,  Hinto n &  Sejnowski ,  1985 ,  Cottrell ,  Munr o 
& Zipser ,  1987) ,  consistin g o f  a  compresso r  uni t  an d a  recon -
structo r  unit .  Th e principa l  differenc e i s tha t  i n a  R A A M th e 
compresso r  an d reconstructo r  ar e use d recursivel y t o encod e 
and decode ,  respectively . 

In t roduct io n 

In the late 1980's a number of new connectionist models were 
develope d i n respons e t o criticism s (e.g .  Fodo r  &  Pylyshyn , 
1988 )  tha t  connectionis m lacke d th e flexibility  an d represen -
tationa l  adequac y neede d fo r  highe r  leve l  cognitiv e tasks . 

Chie f  amon g thes e wer e coars e codin g (Touretzky ,  1986) , 
tenso r  base d representatio n (Smolensky ,  1990) ,  reduce d rep -
resentation s (Hinton ,  McClellan d &  Rumelhart ,  1986) ,  an d 
R A AM (Pollack ,  1990) .  Compare d t o earlie r  systems ,  the y 
had th e advantag e o f  compositionalit y buil t  mor e explicitl y 
int o thei r  design ,  an d the y hav e show n a  grea t  dea l  o f  promis e 
i n a  numbe r  o f  area s (Chalmers ,  1990 ,  Plate ,  1994) .  However , 
al l  o f  the m typicall y ru n int o difficultie s whe n th e structure s 
involve d ar e scale d u p t o a  leve l  o f  complexit y commensurat e 
wit h rea l  worl d problems . 

I n thi s paper ,  w e describ e a  numbe r  o f  modification s t o 
th e R A A M architectur e designe d t o addres s som e o f  thes e 
inadequacies ,  an d examin e th e feasibilit y o f  storin g large , 
comple x dat a structure s withi n a  connectionis t  system . 
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Figur e 1 .  R A A M architectur e -  a  singl e networ k compose d o f 
a compresso r  an d a  reconstructo r 
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Figur e 2 .  A  simpl e tre e an d th e auto-association s tha t 
encod e i t  i n a  R A A M. 

Figure 2 shows how a RAAM encodes the tree (E (F G)). 
Firs t  w e fee d ( F G )  int o th e compresso r  network ,  givin g outpu t 
a.  The n w e fee d i n ( E a) ,  givin g b .  T o decode ,  w e fee d b 
int o th e reconstructo r  network ,  givin g ( E a) .  A t  tha t  poin t 
we nee d som e kin d o f  'termina l  test '  t o tel l  u s tha t  E ,  F  & 
G ar e terminal s (requirin g n o furthe r  decoding) ,  whil e a  i s a 
non-termina l  tha t  mus t  b e fe d agai n int o th e reconstructo r  -
givin g ( F G ) . 

Severa l  tree s ma y b e store d i n th e sam e R A A M a t  once .  I n 
what  follows ,  w e shal l  measur e th e complexit y o f  a  dat a se t 
by th e numbe r  n  o f  subtree s o r  'auto-associations '  require d 
t o encod e it .  I n th e abov e exampl e n  =  2 . 

Modifications to RAAM 

Hidden layers 

We enlarge the compressor and reconstructor networks to two 
layer s eac h a s show n i n Figur e 3 ,  i n orde r  t o increas e th e 
number  o f  function s computabl e b y th e network . 
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Figur e 3 .  Architectur e fo r  Tw o Laye r  R A A M. 

Digital outputs 

One proble m wit h R A A M i s that ,  sinc e th e representation s 
ar e allowe d t o tak e o n non-intege r  values ,  greate r  accurac y i s 
require d a s th e dept h o f  th e tree s increases ,  i n orde r  t o preven t 
accumulatio n o f  round-of f  errors .  W e modif y th e networ k s o 
tha t  eac h outpu t  mus t  tak e o n a  discret e valu e (-1- 1 o r  - 1 ) , 
thu s allowin g large r  structure s t o b e store d i n a  nois e toleran t 
fashion .  Thi s i s don e b y usin g a  threshol d functio n 0  a t  th e 
secon d laye r  o f  th e compresso r  an d reconstructo r  networks , 
whil e a  hyperboli c tangen t  i s  use d a t  th e hidde n layers : 

Xi  = 

Wi  = 

Zi  = 

j= l fc=l 

Pre-condit ione d we igh t s 

I t  i s  wel l  k n o w n tha t  th e succes s o f  neura l  networ k train -
in g usin g back-propagatio n i s sensitiv e t o th e initia l  weigh t 
configuratio n (Kole n &  Pollack ,  1990) .  T h e complet e ran -
domness o f  th e initia l  representation s an d weight s become s a 
significan t  proble m a s R A A M s  ar e scale d up .  T o increas e th e 
likelihoo d o f  convergence ,  w e adop t  th e followin g strateg y 
fo r  choosin g th e initia l  weights : 

First ,  randoml y choos e tw o signe d permutatio n matrice s P q 
and Q o .  Fo r  example ,  i f  d  =  4 ,  w e m a y hav e 

Po = 

0 
1 
0 
0 

0 
0 
0 
1 

1 
0 
0 
0 

0 1 
0 
1 
0 

Qo = 

0 
0 
0 
1 

0 
0 

- 1 
0 

1 
0 
0 
0 

0 1 
- 1 

0 
0 

Once P o an d Q o ar e chosen ,  w e assig n th e initia l  weight s fo r 
th e reconstructor s a s follows : 

- - 2 

)= \  *= i 

d+e d 

0 (Li o +  Y .  ̂ ' J  tanh(P, o +  Y .  Pjk^k) ) 
i= \  fc=i 

d+e d 

0 (i?i o +  Y  '̂ i  tanh(Q, o +  Y  QikXk) ) 

Po 
0 ^ - \ 

Qo 
0 

L =  R  = d n 
0 

wher e 1(d )  i s th e ( d x  d )  identit y matrix ,  an d 0  denote s a  zer o 
matri x  o f  th e appropriat e dimensions .  I n othe r  words ,  th e first 
d node s o f  th e hidde n laye r  ar e connecte d i n a  1-to- l  fashio n 
wit h thos e o f  th e inpu t  an d outpu t  layer s b y connection s wit h 
synapti c strengt h d~' ,  i n suc h a  wa y tha t  th e connection s t o 
th e outpu t  laye r  ar e component-wis e an d excitatory ,  whil e 
thos e t o th e inpu t  laye r  ar e randoml y assigne d an d ma y b e 
excitator y o r  inhibitory .  Th e remainin g e  node s ar e connecte d 
componentwis e t o th e first  e  node s o f  th e outpu t  laye r  b y 
weaker  excitator y link s wit h strengt h n~ '  (wher e n  i s th e 
number  o f  subtree s t o b e stored) .  Al l  othe r  connection s ar e 
initiall y  se t  t o zero .  Eac h laye r  als o ha s bia s inputs ,  whic h 
ar e als o initialize d t o zero .  Th e initia l  compresso r  networ k i s 
wire d thus : 

A = 
P' 
0 

B = 
0 

Q' - ^ [ 
1(d )  1(d ) 

P'  an d Q '  denot e th e transpos e o f  P  an d Q .  Thi s setu p ha s 
th e followin g advantages : 

(a )  th e initia l  compresso r  i s a  lef t  invers e fo r  th e initia l  recon -
structor , 
(b )  i t  produce s compressor s an d reconstructor s wit h muc h 
longe r  transient s tha n woul d b e th e cas e wit h rando m initia l 
weights ,  thu s allowin g th e networ k t o stor e tree s o f  greate r 
depth . 

Initial representations 

I n singl e laye r  R A A M,  non-termina l  representation s ar e de -
termine d b y th e networ k a s a n artifac t  o f  th e training .  Thi s 
approac h ha s th e disadvantag e tha t  tw o o r  mor e representa -
tion s ma y becom e fuse d i n th e cours e o f  th e trainin g (An -
geline ,  1992) .  Th e fusio n proble m get s mor e pronounce d a s 
th e numbe r  o f  node s increases ,  an d i s eve n mor e prevalen t 
when th e representation s becom e digital .  W e circumven t  thi s 
difficult y b y assignin g th e representation s a t  th e outset ,  i n a 
way tha t  i s compatibl e wit h th e initia l  weights .  T o se e ho w 
thi s  i s done ,  conside r  ou r  earlie r  example : 

F G 

N o w imagin e a  linearize d versio n o f  th e problem ,  i n whic h th e 
compresso r  an d reconstructor s ar e effecte d b y (linear )  matri x 
multiplications ,  rathe r  tha n two-laye r  neura l  networks .  I n 
fac t  th e initia l  weight s a s define d abov e d o jus t  that ,  usin g th e 
matrice s [  P g Q q ] ,  P o &  Q o -  respectively .  N o w suppos e 
we assig n a  rando m representatio n t o th e roo t  nod e b .  Fo r 
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instance ,  w e coul d assig n We instea d tak e 

x{b )  = 

1 
1 

- 1 
1 

The n i t  woul d b e natura l  t o us e ou r  initia l  (linearized )  recon -
structor s P q &  Q o t o determin e representation s fo r  th e othe r 
nodes ,  puttin g 

x(E )  =  Po.x(6 )  = 

x(F )  =  Po.x(a )  = 

x(a )  =  Qo.x(6 )  = 

x (G )  =  Qo.x(a )  = 

- 1 
- 1 

1 
- 1 

- 1 
- 1 

1 
1 

Thi s i s th e strateg y w e follo w i n general ,  wit h th e followin g 
provisos : 
(a )  I n genera l  ther e wil l  b e severa l  tree s i n th e dat a set ,  an d 
we assig n a  rando m representatio n t o eac h roo t  node . 
(b )  Th e abov e exampl e i s particularl y simpl e becaus e eac h 
termina l  appear s onl y once .  I n genera l  a  typica l  termina l  o r 
subtre e wil l  appea r  severa l  time s throughou t  th e dat a set ,  an d 
th e abov e procedur e wil l  generat e multipl e representation s fo r 
it .  W e extrac t  a  singl e representatio n from  thi s multitud e b y 
firs t  computin g thei r  average,  the n roundin g of f  eac h uni t  t o 
+ 1  o r  — 1 ,  dependin g o n it s sign . 
(c )  I t  m a y happe n tha t  tw o node s en d u p havin g exacd y th e 
same representation .  I n thi s case ,  w e mus t  selec t  P q an d 
Q o anew ,  an d repea t  th e abov e procedure ,  choosin g differen t 
representation s fo r  th e roo t  nodes .  I n orde r  t o estimat e th e 
probabilit y  o f  thi s proble m arising ,  not e tha t  th e tota l  numbe r 
of  availabl e representation s i s  2'' .  Suppos e th e numbe r  o f 
terminal s an d subtree s t o b e represente d i s A'̂ ,  an d choos e d 
larg e enoug h tha t  2" *  >  A'̂ ^ .  I f  eac h representatio n wer e cho -
sen a t  rando m (whic h i s no t  strictl y th e case ,  bu t  i s probabl y 
a 'reasonable '  assumption) ,  th e probabilit y  o f  the m al l  bein g 
distinc t  woul d b e 

n(i-]^) > 1-^"' >o.6 
t= 0 

So,  b y repeatin g thi s procedur e a  coupl e o f  time s i f  necessary , 
we shoul d soo n satisf y th e requiremen t  tha t  al l  representation s 
be distinct . 

Back-prop modification 

Sinc e th e representation s ar e chose n i n advanc e o f  training ,  th e 
compresso r  an d reconstructo r  network s ma y b e traine d sepa -
rately .  Trainin g proceed s usin g back-propagatio n (Rumelhart , 
Hinto n &  Williams ,  1986) ,  wit h th e followin g modificatio n 
simila r  t o Quickpro p (Fahlman ,  1989) : 
I n th e usua l  back-propagatio n algorithm ,  th e valu e o f  'delta ' 
propagate d bac k throug h th e networ k fro m th e outpu t  laye r  i s 

6i  =  { l  - Z i U ) { U - Z i ) 

Such a  choic e o f  S  prevent s individua l  output s fro m gettin g 
trappe d int o a  flat  regio n o n th e wron g sid e o f  zero ,  b y puttin g 
mor e emphasi s o n learnin g th e correc t  sig n fo r  th e outputs , 
and les s o n thei r  exac t  numerica l  values . 

At  th e conclusio n o f  training ,  th e transfe r  functio n i n th e 
outpu t  laye r  i s change d fro m a  hyperboli c tangen t  t o a  thresh -
ol d function .  I n vie w o f  this ,  th e networ k ma y b e sai d t o hav e 
successfull y learne d th e trainin g se t  onc e th e m a x i m u m erro r 
acros s al l  unit s o f  al l  output s i s les s tha n 1.0 .  Howeve r  i t 
i s  pruden t  t o allo w som e safet y margin ,  an d i n th e trial s de -
scribe d belo w w e continue d t o trai n unti l  th e m a x i m u m erro r 
was les s tha n 0.6 .  Th e learnin g rat e mus t  b e ver y smal l  i n 
orde r  t o ensur e convergence .  Afte r  som e preliminar y trials , 
we settle d o n a  learnin g rat e o f  (nd)~ '  fo r  th e reconstructor s 
and (2nd)~ '  fo r  th e compressor . 

Parallel training 

Parallelizatio n o f  th e trainin g se t  provide s a  significan t  speed -
up t o back-propagatio n (Blelloc h &  Rosenberg ,  1987) .  B y 
removin g dependencie s fro m th e origina l  R A A M trainin g 
regime n an d parallelizin g th e algorith m o n a  409 6 proces -
sor  Maspa r  M P 2 ,  w e wer e abl e t o ru n larg e scal e experiment s 
wit h ful l  parallelizatio n ove r  th e trainin g sets . 

Data 

We teste d ou r  method s o n fou r  differen t  dat a sets ,  eac h con -
sistin g o f  pars e tree s fo r  a  collectio n o f  Englis h sentences . 
Tabl e 1  provide s a  summary ,  showin g th e numbe r  o f  tree s i n 
eac h dat a set ,  thei r  averag e depth ,  an d th e tota l  numbe r  o f 
subtrees . 

Table 1. Summary of Data. 

Dat a Se t 
1 
2 
3 
4 

No.  Tree s 
7 
4 

48 
37 

Avg .  Dept h 
3.1 
8. 8 
5. 7 
8. 4 

No.  Subtree s 
15 
45 

169 
307 

Dat a Se t  (1 )  i s fro m (Pollack ,  1990) .  Dat a Se t  (3 )  wa s 
take n fro m a n introductor y tex t  o n Syntacti c Theor y (Cowper , 
1992) .  Dat a Set s (2 )  an d (4 )  wer e extracte d fro m a  smal l 
fragmen t  o f  th e Universit y o f  Pennsylvani a Tre e Ban k ' .  Th e 
ful l  dat a set s ar e availabl e throug h th e Worl d Wid e W e b ̂ . 
Her e i s a n exampl e o f  a  'typical '  tre e fro m eac h dat a set : 

l.((DN)(V(D(AN))) ) 
2.  (S(NP(S(VP(P((NP( P NP))NP))))))(NP(VP(NP(P(N P NP)))) ) 
3.  ((NP(I(V(C(NP( I  VP))))))(CONJ(NP( I  VP))) ) 
4.  (ADJP( (  VP(N P NP))((NP(S (  V P NP)))(S(NP(S (  VP(NP( P NP)))))))) ) 

We took the liberty of slightly modifying the trees to make 
the m binar y -  sinc e ou r  purpos e wa s no t  t o ge t  syntacti c detail s 
right ,  bu t  simpl y t o tes t  ho w wel l  ou r  schem e coul d cop e 
wit h th e kind s o f  structure s tha t  typicall y aris e i n linguisti c 
applications . 

Si  =  ^ . { t i - z i ) 
= ( 1 -  ZiZ,){t i  -  z, ) 

Zi  =  tanh(rt ) 
t i  — targe t  valu e fo r  Z i 

'ftp://ftp.cis.upenn .  edu/pub/treebank/doc/ * 
ĥttp://www.cs.brandeis.edu/~blair/home.htm l 
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Result s 

The result s ar e show n i n Tabl e 2 ,  wher e n  i s th e numbe r  o f 
subtrees ,  d  i s th e dimensio n o f  th e representations ,  r  i s th e 
number  o f  'extra '  unit s i n th e hidde n laye r  o f  th e rcconstruc -
tors ,  m =  {5 d +  2 e +  l)(2 d +  1 )  -  1  i s th e tota l  numbe r 
of  connection s i n th e network ,  an d (enc .  îcf i  &  'ngh i  ar e th e 
number  o f  epoch s t o convergenc e fo r  th e compresso r  an d th e 
lef t  an d righ t  reconstructors ,  respectively . 

Tabl e 2 .  Summar y o f  Results . 

n 
15 
45 

169 
307 

d 
9 

12 
16 
17 

e 
0 
0 
8 

17 

m 
873 

1524 

320 0 
419 9 

m/ n 
58. 2 
33. 9 
18. 9 
13. 7 

'en c 
250 
800 

1,80 0 
16,70 0 

t\ef l 
100 

1,10 0 

11,00 0 
42,80 0 

brigh t 
150 
900 

7,50 0 
31 ,50 0 

Fo r  larg e dat a sets ,  th e compresso r  converge d faste r  tha n 
th e reconstructor s -  p resumab l y d u e t o th e large r  n u m b e r  o f 
connection s i n th e compresso r  ne twor k -  an d th e righ t  recon -
structo r  converge d faste r  tha n th e lef t  one .  Thi s i s probabl y 
du e t o th e fac t  tha t  pars e tree s ten d t o b e left-branchin g (i n 
English) ,  an d th e resultin g "many-to-one *  natur e o f  th e lef t 
m ap m a k e s i t  harde r  t o learn . 

Unfortunately ,  th e syste m s h o w s littl e o r  n o capacit y fo r 
generalization .  Carefu l  analysi s o f  th e compresso r  an d recon -
structor s traine d o n th e abov e dat a set s reveal s tha t  the y w e r e 
unabl e t o stor e an d retriev e an y tree s tha t  w e r e no t  explicitl y 
i n th e dat a set .  Thi s trade-of f  be twee n storag e capacit y an d 
abilit y  t o generaliz e p resumab l y c o m e s abou t  becaus e o f  th e 
w ay w e trai n th e compresso r  an d reconstructor s separately , 
an d assig n th e subtre e representation s i n advance ,  instea d o f 
lettin g the m b e determine d b y th e networ k i n th e cours e o f  it s 
training . 

Conclusion 

Thes e result s sho w tha t  two-laye r  digita l  R A A M ca n b e use d 
t o reliabl y fin d representation s fo r  set s  o f  binar y tree s o f  a  siz e 
and complexit y tha t  woul d confoun d ordinar y R A A M an d 
most  othe r  connectionis t  representatio n systems .  Thes e ad -
vantage s com e fro m stronge r  constraint s o n th e initia l  weight s 
and th e actua l  representation s o f  th e non-terminals ,  a t  th e 
expens e o f  generalizatio n ability .  Furthe r  wor k o n ho w t o 
preserv e generalizatio n whil e expandin g capacit y  i s certainl y 
calle d for . 
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