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ABSTRACT 
Previou s effort s t o integrat e Explanation-Base d Learnin g (EBL )  an d Similarity-Base d Learnin g 
(SBL )  hav e treate d thes e tw o method s a s distinc t  interactiv e processes .  I n contrast ,  th e synthesi s 
presente d her e view s thes e technique s a s emergen t  propertie s o f  a  loca l  associativ e learnin g rul e 
operatin g withi n a  neura l  networ k architecture .  Thi s architectur e consist s o f  a n inpu t  layer ,  a  laye r 

bufferin g thi s input ,  bu t  subjec t  t o descendin g influenc e from  highe r  orde r  unit s i n th e network , 

on e o r  mor e hidde n unit s encodin g th e previou s knowledg e o f  th e network ,  an d a n outpu t  decisio n 

layer .  S B L i s accomplishe d i n th e norma l  manne r  b y trainin g th e networ k wit h positiv e an d 

negativ e examples .  A  singl e positiv e exampl e onl y i s require d fo r  E B L .  Irrelevan t  feauire s i n th e 

inpu t  ar e eliminate d b y th e lac k o f  top-dow n confirmation ,  and/o r  b y descendin g inhibition . 

Associativ e learnin g the n cause s th e strengthenin g o f  connection s betwee n relevan t  inpu t  feature s 

and activate d hidde n units ,  an d th e formatio n o f  "bypass "  connections .  O n futur e presentation s o f 

th e sam e (o r  a  similar )  example ,  th e networ k wil l  the n reac h a  decisio n mor e quickly ,  emulatin g th e 

chunkin g o f  knowledg e tha t  take s plac e i n symboli c E B L systems .  Unlik e tiiese  programs ,  thi s 

integrate d syste m ca n lear n i n th e presenc e o f  a n incomplet e knowledg e domain .  A  simulatio n 

program ,  ILn ,  provide s partia l  verificatio n o f  thes e claims . 

INTRODUCTION 
Learnin g is ,  an d alway s ha s been ,  centta l  t o connectionis t  model s o f  cognition .  Numerou s 

adaptiv e rule s hav e bee n propose d that ,  i n th e contex t  o f  thei r  respectiv e architectures ,  ar e abl e t o 

improv e th e network' s performanc e throug h observatio n o f  example s characteristi c o f  a  give n 

domain .  Althoug h fa r  remove d i n sophisticatio n fro m Mill' s  (1843 )  syste m o f  induction ,  al l  suc h 

strategie s ar e designed ,  lik e his ,  t o extrac t  th e regularitie s b y whic h simila r  cause s ar e predictiv e o f 

simila r  effects .  Machin e learnin g classifie s suc h techniques ,  fo r  obviou s reasons ,  a s Similarity -

Base d Learning .  S B L continue s t o b e o f  prim e importanc e i n bot h connectionis t  an d "symbolic " 

model s o f  intelligence . 

Recently, however, non-connectionist learning research has placed equal emphasis on 

Explanation-Base d Learning ,  an d othe r  mor e knowledge-intensiv e method s (DeJon g &  Mooney , 

1986) .  I n th e classica l  formulatio n o f  th e E B L proble m (Mitchell ,  Kellar ,  &  Kedar-Cabelli , 

1986) ,  on e i s give n a  se t  o f  domai n rules ,  a  trainin g example ,  an d a  goa l  tha t  ca n b e inferre d b y 

th e applicatio n o f  th e domai n knowledg e t o th e example .  A n explanatio n strucuir e i s the n 

constructed ,  wit h th e inpu t  feamre s a t  th e leave s o f  thi s tree ,  an d th e goa l  nod e a t  th e top .  Thi s 

structur e m a y the n b e generalize d usin g goa l  regressio n o r  othe r  relate d technique s (Moone y & 

Bennet ,  1987) .  Th e resultin g structur e ma y the n b e "flattened" ,  s o tha t  a  ne w rul e i s forme d wit h 

th e lef t  han d sid e bein g th e generalize d example ,  an d th e right  han d sid e th e origina l  goal .  I f  th e 

left-han d sid e i s easil y observable ,  the n on e wil l  hav e a  quic k an d eas y wa y o f  predictin g th e goa l 

concep t  give n th e appropriat e inputs ,  withou t  th e nee d t o produc e wha t  m a y b e a n extensiv e 

inferenc e chain .  T o tak e a  simpl e example ,  le t  u s assum e on e know s tha t  al l  professor s ar e absent -

minded ,  an d tha t  al l  absent-minde d peopl e misplac e things .  Suppos e on e see s Professo r  X 

misplacin g hi s glasses .  O n e form s th e explanatio n o f  thi s event ,  an d on e emerge s i n th e en d wit h 

th e genera l  rul e tha t  professor s wil l  ten d t o misplac e tilings.  O n e m a y questio n th e rol e o f  th e 

exampl e i n th e above ,  since ,  from a  stricti y logica l  poin t  o f  view ,  i t  i s unnecessary .  Th e standar d 
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respons e t o thi s objectio n (Mitchell ,  Kellar ,  &  Kedar-Cabelli ,  1986 )  i s tha t  th e exampl e indicate s 
whic h typ e o f  knowledg e i t  ma y b e profitabl e t o chunk ;  th e ful l  deductiv e closur e o f  one' s curren t 
knowledg e i s no t  readil y computabl e give n spatia l  an d tempora l  limitations . 

EBL, then, differs primarily with SBL in that it is a knowledge intensive approach. It eliminates 
feature s irrelevan t  t o th e classificatio n tas k no t  b y noticin g thei r  join t  occurrenc e i n bot h positiv e 
and negativ e examples ,  a s ther e i s typicall y onl y on e positiv e example ,  bu t  b y notin g whic h 
feature s ar e necessar y fo r  th e generalize d explanation .  E.g. ,  i n th e abov e example ,  th e fac t  tha t 
Professo r  X' s specialt y wa s medieva l  histor y wa s no t  par t  o f  th e explanatio n structure ,  an d wa s 
therefor e deeme d irrelevant . 

Theoretical parsimony alone would suggest the desirability of unifying both EBL and SBL in a 
singl e system .  However ,  ther e i s anothe r  concer n whic h i s o f  equa l  importance .  Classica l  E B L 
can onl y wor k whe n th e domai n unde r  stud y i s complete ;  i.e. ,  ther e i s alway s a n unbroke n chai n 
of  inferenc e fro m th e exampl e t o th e goa l  (Rajamone y &  DeJong ,  1987) .  Suc h a  restrictio n seem s 
overl y stringent ,  an d i s unlikel y t o b e me t  i n man y commo n situations .  I t  woul d b e desirabl e t o 
hav e S B L patc h th e missin g link s i n a  partiall y  broke n inferenc e chain .  I n addition ,  i t  woul d als o 
be highl y advantageou s t o induc e primaril y ove r  th e end-product s o f  a n inferentia l  system ,  rathe r 
tha n ra w inpu t  features .  Thin k o f  learnin g fro m writte n tex t  - -  clearly ,  ver y littl e learnin g i s 
occurrin g a t  th e pixe l  o r  lette r  level ;  mos t  i f  no t  al l  learnin g i s ideational . 

The symbolic learning literature offers a few approaches to integrated learning. Among these are 
O C C AM (Pazzan i  &  Flowers ,  1987) ,  Liebowitz' s (1986 )  adaptatio n o f  U N I M E M t o integrate d 
learning ,  an d Danyluk' s (1987 )  interactiv e approach .  Al l  o f  thes e systems ,  however ,  ar e 
decomposabl e int o separat e E B L an d S B L modules .  Th e purpos e o f  thi s wor k i s t o sho w tha t  a 
neura l  networ k mode l  ca n accoun t  fo r  bot h type s o f  learnin g a s emergen t  propertie s o f  a  loca l 
adaptiv e rul e operatin g i n a  particula r  architecture .  A  simulatio n program ,  ELn ,  i s  presente d whic h 
partiall y  verifie s thi s claim . 
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ARCHITECTURE 
A sampl e networ k i n IL k (fo r  a n exampl e whic h i s discusse d mor e full y later )  i s show n i n figur e 
1.  Inpu t  node s ar e activate d b y feature s i n th e environment .  Thes e input s ar e buffere d b y anothe r 
layer ,  wit h on e nod e fo r  eac h correspondin g nod e i n th e inpu t  layer .  Unlik e inpu t  nodes ,  whic h 
ar e clampe d o n o r  of f  b y th e environment ,  node s i n th e inpu t  buffe r  ma y b e affecte d b y top-dow n 
control .  Thi s wil l  prov e importan t  i n th e mechanis m fo r  EBL . 

Activation flows from the input buffer to sets of nodes in one or more hidden layers. Solid lines 
represen t  excitator y connections ,  whil e shade d line s represen t  inhibitor y connections .  I n addition , 
th e dotte d boxe s i n th e figur e ar e shorthan d representation s fo r  set s o f  mutuall y inhibitor y node s a t 
th e sam e layer .  Node s i n thes e layer s als o hav e excitator y connection s t o themselves .  Thi s sub -
architectur e ha s bee n show n t o produc e winner-take-al l  network s (Rumelhar t  &  Zipser ,  1986) , 
tha t  is ,  th e nod e i n th e se t  receivin g th e mos t  activatio n wil l  reac h maximu m value ,  whil e al l  other s 
wil l  b e drive n t o zer o activation .  Activatio n spread s i n paralle l  i n al l  direction s unti l  on e uni t  i n th e 
outpu t  laye r  "wins "  an d become s th e decision .  I n thi s case ,  th e networ k decide s whethe r  th e inpu t 
i s a  cu p o r  som e othe r  object .  Th e relaxatio n proces s i s describe d mor e full y i n th e nex t  section . 

INFERENCE 
Inferenc e i s accomplishe d b y th e sprea d o f  activation .  Th e activatio n o f  a  uni t  i s  a  weighte d su m o f 
it s inputs ,  a s i n (1) .  I n thi s equation ,  a i  represent s th e ne t  activatio n leve l  o f  uni t  i ,  wi j  i s th e 

weigh t  betwee n unit s i  an d j ,  an d o j  i s th e outpu t  o f  uni t  j . 

ai = Ewijoj (1) 

Weights may be either positive (excitatory), or negative (inhibitory), and are unbounded. In 
contrast ,  th e outpu t  o f  a  uni t  i s  hel d betwee n 0  an d 1  b y th e sigmoida l  functio n i n equatio n (2) .  I n 
thi s formula ,  T  i s a  fre e paramete r  representin g th e "temperature "  (cf ,  Hinto n an d Sejnowski , 
1986 )  o f  th e network ,  an d 6  i s a  constan t  threshold .  Lowe r  temperature s mak e i t  mor e likel y fo r  a 
uni t  t o reac h extrema l  value s a t  relaxation ,  whil e th e threshol d control s th e amoun t  o f  activatio n a 
uni t  need s t o fire . 

oi = l/(l-Hexp(-(ai-e)/T)) (2) 

In addition to bounding a unit's output, this non-linear function controls for noise at sub-threshold 
activatio n level s (Rumelhart ,  Hinton ,  &  Williams ,  1986) . 

Activation propagates throughout the network, until the network reaches a steady state. Hopfield 
(1985 )  ha s show n tha t  network s wit h symmetri c weight s (whic h ar e currend y use d exclusively ) 
ar e guarantee d t o converg e t o a  fixe d point .  I n addition ,  i f  th e temperatur e i n (2 )  i s sufficiend y 
low ,  on e nod e i n a  grou p o f  competin g node s wil l  alway s "win" ,  an d th e networ k wil l  mak e a 
discret e decision . 

THE LEARNING RULE 
I n thi s section ,  a  learnin g rul e i s offered ,  which ,  i n conjunctio n wit h th e architectur e i n ILk , 
perform s bot h SB L an d EBL .  Th e startin g poin t  fo r  th e developmen t  o f  th e learnin g rul e i s 
Hebb' s (1949 )  observatio n tha t  simultaneou s activit y o f  tw o unit s indicate s tha t  th e weigh t  betwee n 
thes e unit s shoul d b e strengthened .  Thi s extensivel y use d rul e i s show n i n equatio n (3) ,  wher e th e 
chang e i n weigh t  betwee n unit s i s equa l  t o th e produc t  o f  th e output s o f  th e node s a t  a  give n tim e 
multiplie d b y a  learnin g rat e constant ,  X .  Th e secon d ter m i n (3 )  allow s unlearnin g o f  connection s 
and th e developmen t  o f  inhibitor y connections . 

Awij =Xoioj-8loi-ojl (3) 
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For  reason s tha t  wil l  b e m a d e cleiire r  i n th e nex t  section ,  i t  i s desirabl e tha t  th e networ k lear n onl y 

afte r  relaxation ,  a s a  mean s o f  controllin g spuriou s correlations .  O n e simpl e w a y t o d o thi s i s t o 

onl y appl y (3 )  afte r  th e networ k relaxes .  However ,  thi s woul d requir e a  globa l  "homunculus " 

watchin g th e networ k tha t  tell s  eac h uni t  whe n t o leam .  O n e loca l  solutio n t o thi s difficulty ,  an d 

th e on e adopte d here ,  i s  t o divid e th e right  han d sid e o f  (3 )  b y th e functio n 

D (oi ,  oj )  =  1  i f  ld(oi)/d t  I  +  ld(oj)/dt l  <  e ,  an d 

100 0 otherwise . 

(4 ) 

Thus ,  onl y w h e n bot h unit s ar e n o longe r  changin g wil l  th e weigh t  chang e b e significant .  I t 

shoul d b e note d tha t  (3 )  i s capabl e o f  learnin g conjunctiv e concept s only ;  n o disjunct s mus t  appea r 

i n th e targe t  concept .  Learnin g i s no t  limite d t o classifyin g orthogona l  inpu t  patterns ,  however ,  a s 

i s typica l  i n Hebbia n scheme s (Jordan ,  1986) ,  becaus e o f  th e winner-take-al l  decisio n procedure . 

EXPLANATION-BASED LEARNING 
Whil e Hebbia n associativ e learnin g i s a  clea r  candidat e fo r  S B L ,  it s performanc e o n E B L task s i s 

les s established .  Figur e 2  i s a  highl y schemati c vie w o f  h o w E B L i s accomplishe d i n E^ x usin g 

th e learnin g procedur e outline d above .  Pane l  A  represent s th e stat e o f  th e networ k befor e 

relaxation .  Not e tha t  th e inpu t  buffe r  i s a  veridica l  representatio n o f  th e inpu t  vector .  Pane l  B 

represent s th e networ k afte r  relaxation .  Descendin g inhibitio n ha s turne d of f  th e tw o rightmost 

unit s i n th e inpu t  buffe r  (th e threshol d i n equatio n 2  ca n als o b e adjuste d s o tha t  merel y th e lac k o f 

excitator y confirmatio n als o result s i n a  dampene d unit.) .  Th e networ k ha s "decided "  tha t  thes e 

feature s wer e no t  crucia l  i n th e determinatio n o f  th e final  decision ,  o r  i n th e final  activate d stat e o f 

th e intermediat e unit s leadin g t o thi s decision .  I t  i s  suggeste d tha t  th e proces s o f  movin g fi-om A  t o 

B i s equivalent ,  i n effect ,  t o formin g a  proo f  structur e o f  th e goa l  concep t  fro m th e input s i n tha t 

previou s knowledg e i s use d t o wee d ou t  irrelevan t  attribute s i n th e data .  Unlik e symboli c 

techniques ,  wher e relevanc e i s determine d b y th e explici t  computatio n o f  a  proo f  structure ,  i n IL K 

i t  i s a n emergen t  propert y o f  top-dow n attentiona l  control .  Lik e it s symboli c counterpart ,  though , 

thi s metho d ca n profi t  b y a  singl e positiv e example ,  sinc e larg e number s o f  positiv e an d negativ e 

example s ar e no t  neede d t o determin e relevan t  features . 
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FIGURE 2 .  EB L I N IL K 
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Panel  C  represent s th e stat e o f  th e networ k afte r  learning .  Recal l  tha t  th e learnin g rul e constrain s 

th e networ k t o lear n primaril y afte r  relaxation .  Thu s n o correlation s ar e m a d e betwee n dat a tha t 

was originall y presen t  i n th e inpu t  buffer ,  bu t  turne d of f  durin g relaxatio n (n o direc t  learnin g i s 

permitte d fro m th e inpu t  laye r  t o othe r  layers) .  Existin g connection s betwee n unit s activ e a t 

relaxatio n ar e strengthened ,  an d n e w connection s m a y als o form .  Thes e "bypass "  connection s ca n 

be see n i n C  a s n e w line s betwee n th e inpu t  buffe r  an d th e activate d outpu t  node .  Thes e n e w 

connections ,  alon g wit h strengthene d ol d ones ,  caus e th e networ k t o rela x a t  a  m u c h faste r  rat e 

give n a  simila r  inpu t  pattern .  Thi s occur s becaus e th e competitio n tim e betwee n set s o f  mutuall y 

inhibitor y node s (thos e i n th e dotte d boxes )  i s proportiona l  t o th e differenc e i n activatio n value s o f 

thes e nodes ,  an d th e strengthene d an d bypas s connection s increase s thi s difference . 

Existing EBL algorithms include a step in which the proof structure is generalized. In the current 

model ,  thi s typ e o f  generalizatio n i s a  side-effec t  o f  th e activatio n o f  higher-orde r  nodes .  Fo r 

example ,  i n a n E B L tas k involvin g Clyd e th e elephant ,  i f  th e m a m m al  uni t  receive s top-dow n 

confirmatio n an d fires,  it s  connection s t o othe r  unit s woul d chang e i n a  manne r  simila r  t o th e 

connection s emanatin g fro m th e elephan t  unit .  Th e syste m woul d the n rea p th e reward s o f  th e 

earlie r  trainin g wit h Clyd e i n a  simila r  contex t  involvin g S a m th e giraff e (als o a  m a m m a l ) . 

EXPERIMENTAL RESULTS 
I n th e followin g experiment ,  eigh t  example s o f  cup s an d non-cup s ( commo n househol d objects ) 

wer e used .  Horn-claus e rule s fo r  cu p recognitio n (a s foun d i n th e E B L literature )  wer e translate d 

directl y int o th e networ k i n Figur e 1 .  Th e connection s wer e hardwire d suc h tha t  th e networ k gav e 

th e correc t  respons e o n eac h example .  Th e example s wer e presente d t o th e networ k i n rando m 

order ,  an d th e numbe r  o f  synchronou s cycle s unti l  networ k relaxatio n wa s measure d fo r  eac h 

example .  Th e grap h i n figur e 3  summarize s thes e results .  Initially ,  th e networ k too k 1 9 cycle s t o 

relax ;  afte r  th e presentatio n o f  20 0 examples ,  thi s figur e wa s reduce d t o 7  cycles .  A n effec t  simila r 

t o rul e compilatio n i n E B L wa s achieve d b y th e formatio n o f  bypas s connection s (an d strengthene d 

connections )  i n a  neura l  network .  Irrelevan t  feature s i n th e inpu t  patter n di d no t  ente r  int o learning , 

as the y wer e i n lo w state s o f  activatio n a t  relaxatio n du e t o th e lac k o f  descendin g confirmation . 

The second experiment focused on the relation between recognition errors and the completeness of 

th e knowledg e domain .  T w o case s wer e studied :  th e cu p domai n discusse d above ,  an d a  randoml y 

generate d boolea n formul a wit h thre e disjunctiv e terms .  The y wer e examine d unde r  thre e 

conditions :  ful l  prio r  knowledge ,  partia l  prio r  knowledge ,  an d n o knowledg e prio r  t o learning . 

Tabl e 1  summarize s thes e results .  Naturally ,  i n bot h cases ,  th e complet e domai n yielde d n o 
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HGURE 3. RECOGNITION TIME DECREASE IN A COMPLETE DOMAIN 
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recognitio n errors ,  an d onl y on e swee p throug h al l  th e example s wer e neede d t o verif y this .  I n th e 
no knowledg e case ,  n o prio r  connection s betwee n th e inpu t  buffe r  an d th e outpu t  laye r  existed ,  an d 
no hidde n unit s wer e use d i n th e cu p case .  Fo r  th e boolea n formula ,  fiv e hidde n unit s wer e i n 
place ,  an d a  modifie d reinforcemen t  learnin g procedure ,  simila r  t o Bart o an d Anandan' s (1965 ) 
associativ e reward-penalt y algorithm ,  tha t  i s capabl e o f  acquirin g disjunctiv e concepts ,  wa s used . 
I n th e partia l  knowledg e case ,  connection s betwee n th e inpu t  buffe r  an d hidde n unit s wer e i n place , 
as i n figur e 1 ,  bu t  th e connection s fro m th e hidde n unit s t o th e outpu t  unit s wer e removed .  Not e 
tha t  thi s represent s on e o f  th e traditionall y difficul t  case s fo r  EBL ,  tha t  o f  a n incomplet e domain . 
The partia l  knowledg e helpe d th e networ k outperform ,  t o a  smal l  extent ,  a  networ k wit h n o 
knowledg e i n th e cu p domain .  Mor e dramati c increase s i n performanc e wer e see n i n th e boolea n 
case ,  a s expected ,  wit h th e hidde n unit s doin g th e har d wor k o f  encodin g th e relevan t  disjunct s (cf . 
Rivest ,  1984) . 

TABLE 1. MEAN SWEEPS UNTIL PERFECT RECOGNITION AS A FUNCTION OF PRIOR KNOWLEDGE 

^ H 

CUP 

BOOLEAN 

complet e 
knowledg e 

1 

1 

partia l 
knowledg e 

3. 6 

1 1. 0 

no prio r 
knowledg e 

5. 2 

34. 2 

partial / 
none 

6 9 % 

3 2 % 

DISCUSSION 
A neura l  architectur e ha s bee n oudine d tha t  provide s seamles s integratio n o f  Similarit y an d 
Explanation-Base d Learning .  No t  full y  treate d i n thi s pape r  ar e th e followin g issues : 
a)  Th e acquisitio n o f  disjunctiv e concept s (a s i n backpropagation ,  e.g.) ,  an d th e relatio n betwee n 
disjunctiv e concep t  learnin g an d EBL . 
b)  N o unificatio n i s performe d i n th e curren t  mode l  (a s i n symboli c E B L systems) ,  yieldin g th e 
bindin g proble m (se e Touretzk y &  Hinton ,  198 8 fo r  a  partia l  solutio n t o thi s problem) . 
c)  Th e relatio n betwee n E B L i n th e abov e mode l  an d automaticit y (Schneider ,  1984 )  need s t o b e 
furthe r  explored . 
d)  Th e relatio n betwee n sequentia l  processin g i n a  paralle l  networ k an d E B L (extende d chain s o f 
inferenc e ca n currentl y b e handle d onl y b y addin g a  ne w laye r  t o th e networ k fo r  eac h lin k i n th e 
chain) .  Ultimately ,  on e woul d lik e t o sho w tha t  th e min d ca n conver t  length y sequentia l 
procedure s int o easil y computabl e boolea n function s b y observin g it s ow n input-outpu t  relations . 
Thi s researc h i s th e firs t  ste p towar d suggestin g tha t  thi s ma y b e possibl e usin g a  purel y loca l 
algorithm . 
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