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Abstrac t 

Humans ar e ver y goo d a t  manipulatin g sequentia l  information ,  bu t  sequence s presen t 

specia l  problem s fo r  connectionis t  models . 

As a n approac h t o sequentia l  problem s w e hav e examine d totall y connecte d subnetwork s 

of  cell s calle d sequentia l  associativ e memorie s (SAM's) .  Th e coefficient s fo r  S A M cell s ar e 

unmodifiabl e an d ar e generate d a t  random . 

A subnetwor k o f  S A M cell s perform s tw o tasks : 

1.  Thei r  activation s determin e a  stat e fo r  th e networ k tha t  permit s previou s input s an d 

output s t o b e recalled ,  an d 

2.  The y increas e th e dimensionalit y o f  inpu t  an d outpu t  representation s t o mak e i t  possibl e 

fo r  othe r  (modifiable )  cell s i n th e networ k t o lear n difficul t  tasks . 

T h e secon d functio n i s simila r  t o th e distribute d method ,  a  wa y o f  generatin g intermediat e 

cell s fo r  non-sequentia l  problems . 

Result s fro m severa l  experiment s ar e presented .  Th e first  i s a  roboti c contro l  tas k tha t 

require d a  networ k t o produc e on e o f  severa l  sequence s o f  output s whe n inpu t  cell s wer e se t 
t o a  correspondin g 'pla n number' . 

Th e secon d experimen t  wa s t o lear n a  sequentia l  versio n o f  th e parit y functio n tha t  woul d 

generaliz e t o arbitraril y  lon g inpu t  strings . 

Finall y w e attempte d t o teac h a  networ k ho w t o ad d arbitraril y  lon g pair s o f  binar y 

numbers .  Her e w e wer e successfu l  i f  th e networ k containe d a  cel l  dedicate d t o th e notio n o f 

'carry' ;  otherwis e th e networ k performe d a t  les s tha n 1 0 0 % fo r  unsee n sequence s longe r  tha n 

thos e use d durin g training . 

Eac h o f  thes e task s require d a  representatio n o f  state ,  an d henc e a  networ k wit h feedback . 

Al l  wer e learne d usin g subnetwork s o f  S A M cells . 

K e y w o r d s :  Connectionis t  Models ,  Learning ,  Sequences ,  Distribute d Representation ,  Roboti c 

Contro l 

1 Introduction 

A supervised, discrete SEQUENCE learning problem involves learning to produce a sequence 

of  correc t  outpu t  vector s 

c\c\---,c> ^  (C'e{+i,-i}^ ) 

'Partiall y  supporte d b y Nationa l  Scienc e Foundatio n gran t  IRI-8611596 .  Thank s t o Emmanoui l  KaJfaogl u fo r 
hel p wit h experiments .  Th e firs t  portio n o f  thi s pape r  i s revise d fro m [Gallan t  1987] . 
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in response to a corresponding sequence of example input vectors 

E\E\---,E'' (£'G{+i,-i}P) 

where order counts. 

For  exampl e i f  E '  an d C  ar e on e dimensiona l  vector s s o tha t  E \ C ^  =  ± 1 the n w e migh t 

desir e 

^ .  ̂  f  + 1 i f  r j = A E ' \ E ^  =  + 1 }  i s od d 

1 - 1 otherwise . 

This is clearly a sequential version of the parity problem for a network with one input cell and 

one outpu t  cell .  Not e tha t  th e previou s contex t  {{E^\ j  <  i} )  i s  important ;  knowin g th e valu e o f 

£ '  alon e i s no t  enoug h informatio n t o determin e C . 

Ther e ar e man y interestin g sequentia l  learnin g problem s fro m a  variet y o f  disciplines :  speec h 

understandin g (eve n fo r  a  singl e word) ,  languag e understanding ,  roboti c contro l  (i.e .  coordinate d 

muscula r  activitie s tha t  tak e advantag e o f  sensor y input) ,  sequentia l  faul t  detectio n problems , 

dynami c visio n tasks ,  en d eve n stati c visio n problem s i f  a  singl e scen e i s analyze d b y a  sequenc e 

of  visua l  fixation s o n part s o f  tha t  scene . 

Sequence s ca n b e difficul t  fo r  connectionis t  models ,  particularl y i f  the y ar e o f  indefinit e length . 

For  som e task s (e.g .  pronou n disambiguation )  w e canno t  specif y a n n  wher e th e n  previou s input s 

ar e alway s sufficien t  t o allo w correc t  outputs .  Moreove r  i f  w e remembe r  th e "window "  o f  n 

previou s input s an d appl y brut e forc e method s t o ever y possibl e n-inpu t  configuratio n the n th e 

combinatoric s become s devastating .  Therefor e som e sor t  o f  processin g i s require d t o extrac t  an d 

remember  relevan t  informatio n fro m prio r  context . 

Recentl y ther e ha s bee n increase d attentio n t o sequenc e processin g b y connectionis t  models . 

Jorda n [Jorda n 1986a,Jorda n 1986b ]  ha s employe d a  simpl e subnetwor k o f  cell s t o represen t  th e 

stat e o f  a  networ k b y encodin g previou s activation s fro m eac h outpu t  cel l  i n th e activatio n valu e 

of  a  correspondin g stat e cel l  usin g lo w orde r  binar y decima l  bits .  Thu s i f  Ui{T )  i s th e activatio n 

of  outpu t  cel l  U i  a t  tim e T  the n a  correspondin g stat e cell ,  Ui^{T )  woul d hav e activatio n 

^r'iT) = X:(0.5)^-'t..(0. 

This method preserves information on a//previous outputs but at the (inevitable) cost of requiring 

manipulatio n o f  hig h precisio n activations . 

I n thi s pape r  w e explor e highl y connecte d subnetwork s wit h feedbac k calle d sequentia l  associa -

tiv e memorie s o r  SAAfs .  SAM' s ar e compose d o f  linea r  discriminan t  cell s wit h fixed ,  randoml y 

generate d weights .  Thes e subnetwork s serv e tw o importan t  functions : 

1. Their activations define a state for the network that allows previous inputs and outputs to 

affec t  th e curren t  output . 

2. They help trainable cells elsewhere in the network to solve difficult (i.e. nonseparable) 

computationa l  task s requirin g intermediat e (o r  "hidden" )  cells . 

SAM cell activations are discrete, so there is no problem with high precision activation values. 

However  sinc e a  finit e numbe r  o f  bit s ca n onl y encod e a  finit e amoun t  o f  information ,  th e S A M 
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X / W 

Outpu t  Cel l 

Distribute d Cell s 

Inpu t  Cell s 

K e y : 

•  Trainabl e Weight s 

• Randomly Generated Weights 

Figure 1: The Distributed Method. 

cells cannot have perfect memory; they must 'forget' some information when their capacity is 

exceeded . 

The followin g section s giv e a  motivatio n for ,  an d a  mor e precis e definitio n of ,  sequentia l 

associativ e memorie s an d describ e thei r  rol e i n severa l  learnin g experiments . 

2 The Distributed Method 

We have previously described a technique called the distributed method for creating intermediate 

cell s s o tha t  a  networ k coul d lear n nonseparabl e function s [Gallan t  1986a ,  Gallan t  &  Smit h 1987] . 

See figure  1 . 

I n thi s metho d al l  o f  th e networ k cell s (excep t  inpu t  cells )  ar e linea r  discriminant s [Fishe r  1936 ] 

(als o know n a s threshol d logi c unit s [McCulloc h & :  Pitt s 1943 ]  o r  perceptron s [Rosenblat t  1961]) . 

Al l  cell s comput e discret e activatio n value s o f  + 1 ,  — 1 ,  o r  0  accordin g t o whethe r  th e weighte d 

su m o f  thei r  input s (plu s a  constan t  bia s term )  i s >  0 ,  <  0 ,  o r  =  0  respectively .  Th e weight s 

fo r  distribute d cell s ar e chose n a t  random ^ an d remai n fixed.  Outpu t  cel l  weight s ar e generate d 

usin g th e pocke t  algorith m [Gallan t  1986b] ,  a  modificatio n o f  perceptro n learning . 

Assume ther e ar e mor e distribute d cell s tha n inpu t  cells .  Fo r  ever y settin g o f  th e inpu t 

cell s th e activation s o f  th e distribute d cell s wil l  for m a  distribute d representatio n [Rumelhar t  & 

McClellan d 1986 ,  chap .  3 ]  o f  th e inpu t  tha t  lie s i n a  highe r  dimensiona l  spac e tha n th e origina l 

input .  Thi s highe r  dimensiona l  representatio n ease s th e learnin g tas k fo r  th e outpu t  cell s and ,  i n 

'We us e integer s betwee n —5 an d +5 ,  bu t  rando m rea l  value s betwee n —1 an d + 1 ar e arguabl y better . 

42 



GALLANT k  KIN G 

particular, makes it more likely that the transformed problem will be separable. 

For  n  trainin g example s ou r  experiment s hav e show n tha t  addin g betwee n ̂ n an d n  distribute d 

cell s i s  usuall y sufficien t  t o mak e (non-contradictory )  dat a separabl e fo r  th e mos t  difficul t  classica l 

problem s suc h a s parity .  Fewe r  suffic e fo r  mor e 'natural '  problems .  Thi s boun d i s roughl y 

consisten t  wit h a  theoretica l  resul t  b y Cove r  [Cove r  1965 ]  fo r  rando m functions .  B y restrictin g 

distribute d cell s t o linea r  discriminants ,  however ,  w e ar e als o abl e t o preserv e robustnes s becaus e 

a ne w inpu t  tha t  i s  clos e t o a n exampl e use d i n trainin g th e networ k i s likel y t o produc e th e 

same outpu t  a s tha t  example .  Ha d w e use d arbitrar y rando m function s fo r  distribute d cell s 

rathe r  tha n restrictin g ourselve s t o th e subclas s o f  rando m linea r  discriminants ,  th e increase d 

probabilit y  o f  separabilit y  woul d hav e remaine d bu t  th e robustnes s woul d hav e bee n lost .  Fo r  a 

fulle r  descriptio n o f  th e distribute d metho d se e [Gallan t  &  Smit h 1987] . 

3 Sequential Associative JVIemories 

The distributed method increases learning ability while preserving robustness (in the sense de-

scribed) ,  bu t  thi s techniqu e give s n o hel p wit h sequence s sinc e th e networ k i s unaffecte d b y 

previou s input s an d outputs .  Wha t  i s missin g i s feedbac k an d th e notio n o f  stat e t o captur e 

previou s behavior . 

I n figure  2  w e se e a  generalizatio n o f  th e distribute d metho d wher e th e adde d cell s als o 

receiv e input s fro m previou s networ k output s an d fro m eac h other .  W e cal l  suc h a  subnetwor k a 

sequentia l  associativ e memor y (SAM) .  Th e stat e o f  th e networ k i s th e patter n o f  activation s i n 

th e S A M cells ,  an d i t  i s influence d b y previou s inputs ,  outputs ,  an d states .  Moreove r  th e S A M 

cell s ai d learnin g b y th e trainabl e outpu t  cell s whil e stil l  preservin g robustness ,  jus t  a s wit h th e 

distribute d method . 

3.1 Network Dynamics 

The dynamic operation of the network for sequences is as follows: 

1. Initialize SAM cell activations and output cell activations to 0. 

2. Set the activations of input cells to the {first / next} set of inputs in a sequence. 

3. For each SAM cell, compute its new activation value but do not change that activation until 

al l  othe r  S A M cell s hav e compute d thei r  ne w values .  Afte r  computin g th e ne w activatio n 

value s fo r  al l  S A M cells ,  modif y al l  th e activation s accordingly . 

4. For each output cell, compute its new activation value and immediately change its activation 

t o tha t  value .  Thes e activation s ar e th e {firs t  /  next }  networ k output s fo r  th e sequence . 

5. Go to 2. 

Note  that all SAM cells can recompute and update their activations in parallel, making this 

architectur e attractiv e fo r  paralle l  hardwar e implementations . 
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A 

O u t p u t  C e l l 

S A M C e l l s 

••:: > H I n p u t  C e l l s 

K e y : 

Trainabl e Weight s 

Randoml y Generate d Weight s 

Figur e 2 :  Networ k wit h 3  S A M Cells . 

3. 2 Inpu t  Ga i n 

For  som e task s i t  i s  necessar y t o multipl y activation s fo r  inpu t  an d outpu t  cell s b y a  gai n facto r 

t o increas e thei r  effec t  o n th e S A M cells .  I f  thi s i s no t  don e th e S A M cell s ar e no t  sensitiv e 

enoug h t o inpu t  an d outpu t  value s an d performanc e ca n b e poor .  Th e highe r  th e gai n th e mor e 

th e emphasi s i s place d upo n recen t  input s an d outputs ;  thu s gai n migh t  b e viewe d a s a  paramete r 

tha t  determine s a n inductiv e bia s fo r  th e learnin g algorithm .  A  goo d settin g fo r  th e gai n facto r 

varie s wit h th e numbe r  o f  S A M cell s an d th e proble m type . 

The easies t  tim e t o implemen t  gai n i s a t  th e tim e whe n th e (random )  S A M connectio n weight s 

ar e generated ;  w e simpl y multipl y th e weight s fro m inpu t  o r  outpu t  cell s t o S A M cell s b y th e 

gai n factor . 
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4 Experiments 

4.1 Robotic Control 

We tried SAM networks with a robotic control problem similar to the one studied by Jordan 

Jorda n 1986b] .  Th e networ k ha d 4  inpu t  cell s tha t  wer e se t  t o on e o f  1 6 possibl e 'pla n numbers' . 

Ever y pla n numbe r  corresponde d t o a  sequenc e o f  output s fro m a  singl e outpu t  cel l  ove r  4  iter -

ations ;  fo r  exampl e pla n <-|-l,—1,—1,+1 > migh t  correspon d t o th e sequenc e {  — 1,-1,+1,-1} . 

We se t  th e inpu t  cell s t o th e sam e pla n numbe r  a t  eac h tim e step ,  an d th e correspondenc e betwee n 

pla n number s an d correc t  outpu t  sequence s wa s chose n a t  random . 

Notic e tha t  th e networ k canno t  determin e it s correc t  outpu t  base d solel y upo n it s (current ) 

inpu t  (eve n i f  it s  las t  outpu t  wer e available) .  Therefor e a  'state '  mus t  b e maintaine d b y th e 

syste m an d a  feedbac k networ k i s required . 

For  a  networ k wit h 4  inpu t  cell s an d 1  outpu t  cel l  w e foun d tha t  1 6 sequence s o f  lengt h 4  coul d 

be learne d reliabl y b y addin g 4 0 S A M cell s (usin g gai n 1 )  i n abou t  500 0 iteration s (consumin g 

severa l  minute s o f  C P U time) . 

We the n trie d a  harde r  proble m involvin g 5  inpu t  cell s an d 3 2 sequence s o f  lengt h 5 .  Her e 

abou t  15 0 S A M cell s wit h gai n 1  suffice d fo r  reliabl e 100 % performanc e afte r  abou t  800 0 iterations . 

Finall y w e trie d problem s wit h 6  inpu t  cell s an d 6 4 sequence s o f  lengt h 6 .  Her e 35 0 S A M 

cell s wit h gai n 1  wer e require d t o reliabl y giv e 100 % performanc e afte r  abou t  400 0 iterations . 

Our  conclusio n wa s tha t  S A M cell s allo w network s t o lear n simple ,  sequentia l  roboti c task s 

i n reasonabl e time . 

I t  i s interestin g t o analyz e thi s tas k fro m a n informatio n theor y viewpoint .  I f  w e conside r  th e 

rando m coefficient s o f  S A M cell s a s carryin g n o informatio n (sinc e the y ar e no t  specifi c  t o th e 

particula r  se t  o f  plan s an d outpu t  sequence s bein g represented )  the n al l  informatio n i s carrie d 

i n th e trainabl e weight s leadin g t o outpu t  cells .  Th e numbe r  o f  suc h weight s equal s th e numbe r 

of  cell s i n th e network .  I n ou r  experiment s th e numbe r  o f  weight s wa s approximatel y th e sam e 

as th e numbe r  o f  outpu t  bit s tha t  wer e t o b e learned ,  i.e .  th e numbe r  o f  plan s multiplie d b y 

th e lengt h o f  eac h sequence .  Fo r  exampl e wit h 5  inpu t  cel l  sequence s an d 15 0 S A M cell s ther e 

ar e 5  -f -  15 0 +  1  trainabl e weight s an d thes e ca n correctl y produc e 3 2 x  5  tota l  outpu t  bits .  Th e 

magnitude s o f  th e weigh t  value s di d no t  appea r  t o gro w wit h th e difficult y o f  th e problem . 

Th e tota l  numbe r  o f  outpu t  bit s give s a  lowe r  boun d fo r  th e encodin g siz e o f  thi s task ; 

therefor e th e outpu t  cel l  weight s appea r  t o giv e reasonabl y efficien t  encoding s becaus e the y see m 

t o b e growin g linearl y wit h th e lowe r  bound . 

4.2 Sequential Parity 

For our second experiment we set out to teach a network the concept of parity as a sequential 

task .  Ou r  goa l  wa s fo r  th e networ k t o comput e parit y fo r  arbitraril y  lon g inpu t  sequences ,  a n 

impossibl e tas k fo r  a  feed-forwar d network . 

We use d a  networ k wit h on e inpu t  cell ,  on e outpu t  cel l  an d a  collectio n o f  S A M cells .  Th e 

proble m wa s mad e somewha t  harde r  b y allowin g th e outpu t  t o se e onl y th e curren t  inpu t  an d th e 

S A M activation s bu t  no t  th e previou s output .  W e foun d tha t  onl y 1 0 S A M cell s (wit h gai n o f 

10)  wer e sufficien t  t o quickl y an d reliabl y lear n parit y fo r  arbitrar y lengt h sequences. ^  Fiv e S A M 

^We teste d th e resultin g network s o n 5 0 unsee n sequence s o f  lengt h 10 0 t o verif y tha t  the y ha d learne d parit y 
wit h high ,  bu t  no t  100% ,  certeunty . 
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cells were usually too few for this task. To our knowledge this is the first connectionist network 

t o lear n parit y fo r  arbitrar y lengt h sequences . 

4.3 Sequential Addition 

We also attempting to teach a network sequential (right-to-left) addition of pairs of arbitrarily 

lon g number s usin g network s compose d o f  2  inpu t  cells ,  1  outpu t  cel l  an d a  collectio n o f  S A M 

cell s a s i n figur e 2 .  Thi s i s a n eas y tas k i f  w e dedicat e a n extr a outpu t  cel l  t o th e computatio n o f 

'carry' ;  1 0 S A M cell s usuall y suffic e t o quickl y lear n additio n o f  arbitrar y lengt h number s wit h 

perfec t  generalizatio n [Gallan t  1987] . 

Withou t  suc h a  dedicate d carr y cel l  th e proble m i s muc h harde r  becaus e th e notio n o f  carr y 

must  b e represente d i n th e collectiv e activation s o f  th e S A M cells . 

For  thi s proble m a  networ k wit h 30 0 S A M cell s (an d gai n 300 )  learne d t o ad d a  trainin g se t 

consistin g o f  10 0 pair s o f  4 0 bi t  number s usin g 250 0 iterations. ^  Testin g o n group s o f  2 0 (unseen ) 

pair s o f  number s o f  variou s length s th e networ k generalize d a s follows : 

Length of numbers added: 

% Sequence s correct : 

For a sequence to be counted as correct in the testing we required that every output bit be 

correct .  Althoug h th e networ k faile d t o precisel y lear n th e concep t  o f  addition ,  w e considere d 

i t  encouragin g tha t  i t  wa s abl e t o generaliz e fro m 40-bi t  pair s o f  number s t o 75-bi t  an d 100-bi t 

pair s wit h 9 5 pe r  cen t  o f  th e sequence s totall y correct . 

The improvemen t  i n generalizatio n ove r  thos e test s reporte d i n [Gallan t  1987 ]  w e attribut e t o 

tw o factors :  highe r  gai n setting s an d th e us e o f  longe r  sequence s fo r  training .  Experiment s ar e 

continuin g o n thi s problem . 

5 Concluding Remarks 

We have described a connectionist model with feedback and state called sequential associative 

memorie s an d severa l  experiment s involvin g sequences .  Th e mos t  importan t  curren t  researc h 

involvin g S A M network s i s t o determin e ho w wel l  the y trai n an d generaliz e fo r  difficul t  sequentia l 

patter n recognitio n problem s suc h a s speec h understanding ,  faul t  detection ,  natura l  language , 

and possibl y vision .  Whil e w e hol d littl e hop e tha t  S A M network s alon e coul d tackl e thes e 

difficul t  problems ,  w e ar e mor e optimisti c abou t  thei r  combinatio n wit h othe r  technique s (suc h 

as "windows "  an d unsupervise d learnin g o f  inpu t  feature s durin g a  pre-processin g step) . 

We believ e tha t  th e proble m o f  manipulatin g sequence s represent s a n importan t  challeng e fo r 

connectionis t  researc h an d fo r  machin e learnin g i n general . 
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