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Connec t ion is m a n d Psychologica l  Not ion s o f  Similarit y 

Michae l  S .  C .  Thoma s 
Departmen t  o f  Psycholog y 

Kin g Alfred' s CoUeg e 
Sparicfof d Road ,  Wincheste r 

S022 4NR .  U K 
michael.thomasQpsy.ox.ac.u k 

Abstract 

Kitcher (1996) offers a critique of connectionism based on 
th e belie f  tha t  connectionis t  informatio n processin g relie s 
inherentl y o n metri c similarit y relations .  Metri c similarit y 
measure s ar e independen t  o f  th e orde r  o f  compariso n (the y 
ar e symmetrical )  wherea s huma n similarit y judgment s ar e 
asymmetrical .  W e answe r  thi s challeng e b y describin g ho w 
connectionis t  system s naturall y produc e asymmetri c 
similarit y effects .  Similarit y i s viewe d a s a n implici t  by -
produc t  o f  informatio n processin g (i n particula r 
categorization )  wherea s th e reportin g o f  similarit y 
judgment s i s  a  separat e an d explici t  meta-cognitiv e 
process .  Th e vie w o f  similarit y a s a  proces s rathe r  tha n th e 
produc t  o f  a n explici t  compariso n i s discusse d i n relatio n 
t o th e spatial ,  feature ,  an d structura l  theorie s o f  similarity . 

I n t r o d u c t i o n 

Connectionis t  model s o f  cognitiv e processin g hav e bee n 
criticize d fo r  thei r  apparen t  reliance  o n a  notio n o f 
psychologica l  similarit y tha t  empirica l  evidenc e ha s 
demonstrate d t o b e flawe d (Kitcher ,  1996) .  Thi s argumen t  i s 
base d o n th e belie f  tha t  connectionis t  informatio n processin g 
relie s o n metri c distanc e measure s o f  similarity .  Whethe r  th e 
similarit y occur s a t  th e leve l  o f  th e inpu t  representation ,  th e 
hidde n uni t  representation ,  o r  th e outpu t  representation, 
proxima l  token s i n a  multi-dimensiona l  spac e (define d b y 
th e characteristic s o f  th e task )  ar e processe d similarly .  This , 
argue s Kitcher ,  i s  necessaril y  wron g sinc e metri c distanc e 
measure s hav e bee n rule d ou t  a s plausibl e model s o f 
psychologica l  similarity . 

I n thi s paper ,  w e argu e tha t  non-metri c similarit y 
measure s d o aris e naturall y ou t  o f  connectionis t  informatio n 
processing .  Thes e measure s ar e base d o n functiona l 
transformation s an d ar e no t  constraine d t o obe y th e metri c 
axiom s o f  Minimality ,  Symmetry ,  an d th e Triangl e 
Inequality .  Therefore ,  the y ar e immun e t o th e objectio n tha t 
psychologica l  similarit y doe s no t  itsel f  appea r  t o obe y th e 
metri c axiom s (Kitcher ,  1996 ;  Tversky ,  1977) .  W e wil l 
sugges t  tha t  ther e ar e tw o similarit y processe s i n th e 
cognitiv e system .  On e i s non-metri c an d arise s naturall y 
fro m th e functiona l  transformatio n propertie s o f  non-linea r 
connectionis t  informatio n processing .  Th e othe r  ca n b e 
metri c an d i s constructe d fro m th e outcom e o f  a  prio r  an d 
inevitabl e non-metri c phas e o f  processing .  Th e non-metri c 
componen t  i s implici t  an d no t  accessibl e t o meta-cogniUv e 
processes .  Th e metri c componen t  i s onl y engage d whe n th e 
evaluatio n o f  similarit y ha s t o b e mad e explici t  (e.g. ,  i t  ha s 
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to be communicated) such as in a similarity judgment task. 
That  is ,  th e initia l  compariso n i s implemente d b y a  non -
metri c transformation ;  th e requiremen t  t o m a k e a  similarit y 
judgmen t  introduce s a  furthe r  metri c compariso n process . 
We wil l  argu e tha t  unde r  certai n conditions ,  functiona l 
transformatio n measure s ca n generat e behavio r  simila r  t o 
metri c distanc e measures ,  an d henc e tha t  metri c distanc e 
measure s ca n offe r  a n approximat e descriptio n o f  th e 
fffocesse s underlyin g similarit y judgments . 

The rest  o f  thi s pape r  proceed s a s follows .  First ,  w e 
presen t  Kitcher' s (1996 )  argumen t  i n mor e detai l  an d discus s 
asymmetr y a s a  counte r  exampl e t o metri c distanc e measure s 
of  similarity .  The n w e presen t  th e Transformationa l 
Functio n Similarit y (TFS )  measur e an d discus s h o w i t 
overcome s th e asymmetr y problem s o f  metri c measures . 
Finally ,  w e discus s h o w a  metri c compariso n measur e ca n 
be constructe d fro m th e product s o f  prio r  T F S stage . 

Connectionism and metric similarity 

A recen t  attac k o n connectionis t  informatio n processin g a s 
a mode l  o f  cognitio n ha s focuse d o n th e questio n o f  h o w 
informatio n i s  processe d i n a  networ k (Kitcher ,  1996) . 
Kitche r  begin s b y unpackin g Churchlan d an d Sejnowski' s 
(1992 )  characterizatio n o f  activatio n pattern s i n a  netwoi k i n 
term s o f  vectors .  Th e implicatio n o f  thi s characterizatio n i s 
tha t  th e activatio n pattern s defin e a  multidimensiona l  vecto r 
spac e tha t  naturall y support s metri c distanc e measures .  Th e 
similaritie s betwee n object s ar e reflected  b y th e distanc e 
betwee n th e position s thei r  representation s occup y i n 
activatio n space .  However ,  Tversk y (1977 )  ha s identifie d a 
number  o f  way s i n whic h psychologica l  notion s er f 
similarit y d o no t  appea r  t o accor d wit h prediction s o f  a 
metri c mode l  o f  similarity .  Althoug h hi s effort s t o sho w 
tha t  Minimalit y an d th e Triangl e Inequalit y d o no t  hol d fo r 
human similarit y judgment s m a y b e inconclusive . 
Symmetr y certainl y doe s no t  hol d i n h u m a n similarit y 
judgment s (Hah n &  Chaler ,  1996) .  A s a  result ,  w e wil l 
focu s ou r  discussio n o n th e notio n o f  symmetr y i n 
psychologica l  similarity . 

Symmetr y m thi s contex t  i s take n t o m e a n tha t  similarit y 
judgment s ar e commutative .  I n othe r  words : 

aSb = bSa where xSy is the similarity of x to y (1) 

Let fl and 6 be two tokens that can be described as 
occupyin g position s i n a  metri c space .  Then ,  th e similarit y 
relation  i s th e sam e whateve r  th e orde r  o f  comparison . 
Studie s requirin g subject s t o rat e th e similarit y o f  a  pai r  (r f 
item s suggest s tha t  thi s i s no t  th e cas e wit h psychologica l 
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notion s o f  similarit y (e.g. ,  Tversk y &  Gali .  1078) .  I'o r 
example ,  whe n aske d t o compar e pair s o f  concepts ,  subject s 
readily  rate d Nort h Kore a a s bein g mor e simila r  t o Re d 
Chin a tha n Re d Chin a wa s t o Nort h Korea .  I n short , 
reporte d similarit y seem s t o chang e accordin g t o th e orde r  o f 
th e comparison . 

Solutions to the asymmetry problem 

Most  theorie s o f  similarit y hav e grapple d wit h th e 
asymmetr y problem .  Th e spatia l  theor y o f  similarit y (e.g. , 
Rips ,  Shoben ,  an d Smith ,  1973 ;  Rumelhar t  an d 
Abrahamson ,  1973 )  envisage s concept s a s point s i n a  multi -
dimensiona l  space .  Th e similarit y betwee n tw o concept s 
ccxrespond s t o thei r  distanc e (e.g. ,  Euclidea n distance )  apar t 
i n thi s space .  Thi s theor y ca n accoun t  fo r  asymmetri c 
comparison s fMDvide d eac h concep t  i s give n a  bia s 
(Nosofsky ,  1991) .  Th e bia s relate s t o h o w eas y i t  i s  t o 
proces s a  give n concept .  Th e directio n o f  trave l  betwee n th e 
concept s i n similarit y spac e (correspondin g t o th e onJe r  o f 
th e comparison )  interact s wit h thei r  respective  biases .  I f  th e 
tw o concept s hav e differen t  biases ,  th e similarit y wil l  be 
differen t  dependin g o n th e directio n o f  travel .  Tli e featur e 
theor y o f  similarit y (Tversky ,  1977 )  measure s th e similarit y 
betwee n tw o concept s a s som e functio n o f  th e numbe r  o f 
feature s the y hav e i n c o m m o n an d th e numbe r  o n whic h 
the y differ .  Thi s theor y ca n accoun t  fo r  th e asymmetr y b y 
proposin g tha t  concept s hav e feature s wit h differen t  salience . 
The concept s wil l  b e judge d mor e simila r  i f  th e feature s tha t 
th e concept s hav e i n c o m m o n hav e a  highe r  salienc e i n th e 
secon d ter m o f  th e compariso n (Ortony ,  Vondruska ,  Foss , 
and Jones ,  1985) .  Th e structura l  alignmen t  theor y o f 
similarit y (Markma n an d Gentner ,  1993 ;  Medin ,  Goldstone , 
and Gentner ,  1993 )  measure s th e similarit y betwee n tw o 
concept s dqiendin g o n h o w wel l  th e structure s o f  eac h 
concep t  ca n m a p ont o on e another .  Thi s theor y ca n accoun t 
fo r  th e asymmetr y a s lon g a s th e coherenc e o f  th e structure s 
of  th e concept s i s take n int o accoun t  ((jenme r  an d Bowdle , 
1994) .  Coherenc e i s define d a s th e degre e o f  systematicit y a 
concep t  possesses .  A  coheren t  concep t  wil l  hav e m a n y 
"causa l  OT  explanatOT y connections "  ((jentne r  an d Bowdle , 
1994 ,  p .  352) .  Similarit y judgment s ar e highe r  i f  th e mor e 
coheren t  concep t  i s th e secon d ter m i n a  comparison . 

I n al l  thes e theories ,  th e basi c measur e o f  similarit y i s 
symmetrical .  Asymmetrie s ar e doive d b y introducin g 
^klitiona l  factors ,  suc h a s bias ,  salience ,  o r  coherence . 
Tversk y introduce s th e kJe a tha t  som e feamre s ar e mor e 
distinctiv e tha n others .  Orton y e t  a l  an d Genme r  an d Bowdl e 
see k t o captur e th e notio n tha t  similarit y comparison s ar e 
psychologicall y informative .  Nevertheless ,  th e mechanism s 
fo r  asymmetr y li e i n extension s o f  th e basi c symmetrica l 
compariso n procedures .  A  mor e parsimoniou s solutio n 
woul d deriv e th e asymmetr y a s a  consequenc e o f  th e basi c 
mechanis m b y whic h similarit y wa s computed .  A s w e shal l 
see below ,  passin g a n inpu t  vecto r  throug h a  connectionis t 
autoassociatO T doe s jus t  that . 

Wit h thi s debat e i n mind ,  w e ca n begi n t o reasses s 
Kitcher' s (1996 )  critique .  Generally ,  ther e appear s t o b e n o 
entirel y satisfactca y solutio n t o th e asymmetr y problem . 
Th e firs t  poin t  w e migh t  m a k e then ,  i s tha t  th e proble m i s 
not  uniqu e t o connectionis t  informatio n processin g an d 

therefor e shoul d no t  b e use d t o singl e ou t  connectionis t 
approache s i n particula r  fo r  criticism .  However ,  th e ultimat e 
answer  t o Kitcher' s argumen t  woul d b e t o produc e a 
connectionis t  mode l  tha t  employe d vector-codin g an d ye t 
showe d realistic ,  non-metri c similarit y judgments .  Thi s i s 
exactl y wha t  w e propos e t o do .  Th e ke y i s t o m o v e awa y 
fro m th e ide a o f  similarit y a s th e outcom e o f  a  direc t 
compariso n procedur e an d t o m o v e toward s th e kle a o f 
similarit y a s a  proces s whos e outcom e ca n onl y b e reported 
i n a  pos t  ho c fashion .  Th e similarit y proces s doe s no t  rely 
on placin g th e comparativ e element s i n som e metri c relatio n 
t o eac h other .  Onl y th e pos t  ho c reportin g (o r  explici t 
access )  o f  similarit y requires  th e establishmen t  o f  a  metri c 
relation. 

O ne wa y t o understan d thi s distinctio n i s t o thin k o f  th e 
min d a s a  modula r  informatio n processin g system .  A s 
informatio n passe s throug h a  modul e i t  i s  processe d (o r 
transformed )  an d passe d o n t o th e nex t  module .  Thi s nex t 
modul e take s th e transforme d informatio n a s inpu t  an d 
continue s l o proces s th e informatio n further .  Not e tha t  th e 
secon d modul e doe s no t  nee d t o kno w anythin g abou t  th e 
natur e o f  th e previou s transformation .  Th e syste m a s a 
whol e continue s t o functio n withou t  an y nee d t o relate 
explicitl y  th e outcom e o f  a  proces s (th e transforme d 
information )  wit h th e initia l  stat e o f  th e informatio n prio r  l o 
processin g b y th e first  module .  However ,  som e meta-proces s 
or  control-proces s wishin g t o evaluat e th e functionin g o f  th e 
first  modul e ca n d o s o b y samplin g an d comparin g th e inpu t 
informatio n t o th e resultin g outpu t  information .  W e wan t  t o 
sugges t  tha t  similarit y i s related  t o th e wa y i n whic h 
informatio n i s processe d (transformed )  wherea s th e reportin g 
of  similarit y judgment s i s a  meta-cognitiv e proces s requirin g 
th e explici t  compariso n o f  informatio n prio r  an d subsequen t 
t o processin g b y th e cognitiv e system . 

Th e res t  o f  thi s p j ^ r  wil l  describ e h o w suc h similarit y 
arise s naturall y fro m connectionis t  informatio n processin g 
throug h a  proces s o f  selectiv e dimensiona l  distortio n o f  th e 
inpu t  vectors .  Th e degre e t o whic h distortio n occur s i s 
inversel y related  t o th e similarit y betwee n th e inpu t  vecto r 
and th e contextualize d knowledg e store d i n th e network . 

Transformational Function Similarity 

Feedforwar d connectionis t  network s implemen t  a 
transformatio n functio n fro m a n inpu t  spac e t o a n outpu t 
space .  Th e dimensionalit y o f  th e inpu t  an d outpu t  space s ar e 
define d b y th e tas k domain .  Conside r  th e se t  o f  network s fo r 
whic h th e inpu t  an d outpu t  spac e ar e o f  th e sam e 
dimensionality .  Suc h network s ca n b e see n a s engine s tha t 
twis t  an d distor t  th e metri c relation s o f  th e inpu t  space . 
Autoassociator s ar e a  subse t  o f  thi s se t  o f  networic s fo r 
whic h a  numbe r  o f  inpu t  vector s ar e exactl y iqwoduce d b y 
th e network .  Thes e vector s ar e invarian t  unde r  th e 
transformatio n tha t  th e networ k performs . 

Th e trainin g se t  o f  a  full y  traine d autoassociato r  constitut e 
th e invarian t  vectors .  I n standar d matri x algetna ,  vector s 
whic h ar e invarian t  unde r  matri x multiplicatio n (modul o 
multiplicatio n b y a  constant )  ar e describe d a s eigenvectors . 
By analogy ,  w e migh t  defin e th e traine d input s t o a n 
autoassociato r  networ k a s th e quasi-eigenvector s o r  q -
eigenvector s o f  th e network' s transformatio n function .  Part s 

758 



of  th e inpu t  spac e i n th e neighborhoo d o f  thes e q -
eigenvector s wil l  ac t  a s attracto r  basin s an d m a p ont o th e 
invarian t  vecto r  a t  th e output .  Thi s i s wha t  give s th e 
networ k th e powe r  t o dea l  wit h nois y inpu t  an d t o pcrton n 
patter n completion .  Othe r  inpu t  vector s wil l  b e disU)na J 
accordin g t o b o w muc h the y li e withi n th e attracto r  basin s 
of  th e network' s q-eigenvectors .  I f  the y li e completel y 
withi n a n attracto r  basin ,  the y wil l  b e mappe d ont o a 
particula r  eigenvector .  However ,  i n mos t  cases ,  a n unrelate d 
inpu t  vecto r  wil l  fal l  acros s severa l  attracto r  basins ,  eac h o f 
whic h wil l  attemp t  t o m a p tha t  segmen t  o f  th e inpu t  vecto r 
ont o it s appropriat e q-eigenvector .  Wha t  result s wil l  b e a 
significan t  distortio n o f  th e inpu t  vector ,  wit h differen t  part s 
bein g mappe d ont o differen t  q-eigenvectCM^ . 

Mor e formally ,  th e transformatio n functio n implemente d 
by thi s networ k is : 

O U T P UT =  f ( INPU D =  Mj(g(M,(INPUT)) ) (2 ) 

wher e O U T P UT i s th e outpu t  vector ,  I N P U T i s th e inpu t 
vector ,  M l  i s th e matri x o f  weight s betwee n th e inpu t  an d 
hidde n units ,  M j  i s th e matri x o f  weight s betwee n th e 
hidde n unit s an d th e outpu t  units ,  an d g(x )  i s a  non-linea r 
monotoni c functio n (suc h a s th e logisti c function )  applie d t o 
eac h componen t  o f  X . 

The degre e t o whic h a n inpu t  i s distorte d wil l  depen d o n 
ho w clos e I N P U T i s t o a n eigenvecto r  o f  M , ,  h o w strongl y 
non-linea r  g(x )  is ,  an d h o w clos e g(M,(INPUT) )  i s t o th e 
eigenvector s o f  M, .  Not e tha t  becaus e g(x )  i s non-linear ,  i t 
i s  no t  metri c preservin g an d henc e /  itsel f  i s  no t  a  metri c 
invarian t  transformation .  Th e functio n implemente d b y a 
feedforwar d networ k doe s no t  preserv e metri c relations. 

We ca n the n defin e Transformationa l  Functio n Similarit y 
(TFS )  a s th e invers e o f  th e distanc e betwee n th e origina l 
inpu t  an d th e transforme d outpu t  o f  th e networ k (i.e . 
l/Verro r  score) .  Comparin g A  t o B  involve s presentin g A  t o 
a networ k abl e t o autoassociat e B  an d evaluatin g h o w muc h 
A ha s bee n transforme d b y th e q-eigenvecto r  encodin g th e B 
representation .  Pattern s tha t  experienc e a  smal l  degre e o f 
o-ansformatio n ar e ver y simila r  t o B ,  wherea s pattern s tha t 
ar e transfonme d t o a  hig h degre e ar e dissimila r  t o B .  Th e 
transformatio n occur s naturall y a s par t  o f  connectionis t 
informatio n processing .  Th e evaluatio n o f  th e 
transformatio n (measurin g th e degre e o f  distortio n o f  A )  i s a 
pos t  ho c proces s tha t  ca n involv e metri c comparisons . 

An example of TFS measurements 
I n orde r  t o generat e notiona l  knowledg e base s t o illustrat e 

TFS measurements ,  w e wil l  defin e 3  concepts ,  (a) ,  (b) ,  an d 
(c) .  Eac h concep t  wil l  compris e 3  prototypes ,  define d ove r  a 
vecto r  o f  1 5 features .  W e generat e 1 0 exemplar s fro m eac h 
prototype ,  b y addin g Gaussia n nois e (sd=0.2) .  Th e networ k 
wil l  gai n it s knowledg e o f  eac h concep t  b y trainin g o n eac h 
set  o f  3 0 exemplars .  A  networi c i s traine d t o autoassociat e 
eac h knowledg e bas e ove r  separat e representationa l  resources. 
The networ k i s show n i n Figur e 1. ' 

'  6  hidde n unit s wer e use d t o represen t  eac h knowledg e base , 
and th e sub-network s wer e traine d fo r  100 0 epoch s wit h a 
learnin g rat e o f  0. 1 an d a  momentu m o f  0 .  Th e networ k als o 

For  eac h knowledg e base ,  w e deriv e a  mea n vecto r  fro m 
th e se t  o f  exemplars .  Thi s represent s th e centra l  tendenc y o f 
tha t  knowledg e bas e an d wil l  provid e u s wit h a 
characterizatio n o f  th e knowledg e store d i n th e network ,  fo r 
comparativ e purpose s i n th e analysi s provide d below .  Th e 
mean vector s ar e a s follows . 

a'=.l .6.6.1 .6.6.1 .1 .1 .1 .3.3.3 .3.2 
b'  =  . l  . 1 . 1 . 1 .6.6. 1 .7.6. 1 .3.2. 3 .3. 2 
c'  =  . 1 . 6 . 6 . 1 . 4 . 4 . 1 . 6 . 6 . 1 . 3 . 3 . 3 . 3 . 2 

If we define the metric similarity between these vectws as 
th e invers e o f  th e Euclidea n distanc e betwee n them ,  the n 
thei r  metri c similaritie s ar e a s follows . 

aSb = 0.9,bSc=l.l,aSc=l.l 

Note that these values are synmietrical: 

bSa = 0.9,cSb=l.l,cSa=l.l 

Now consider the TFS values (whoe TFS is defined as 
1/VSS E o f  th e autoassociator) : 

aSb=1.0, bSc= 1.3, cSa=l.l 

These are not synunetrical measures: 

bSa=1.0, cSb=l.l,aSc=1.3 

The TFS measure is at a maximum when the mean vector 
fo r  a  give n knowledg e bas e i s transforme d b y tha t  knowledg e 
base .  Thu s 

aSa = 2.5, bSb = 2.5, cSc = 2.5 

These figures are the average of 12 runs of the network. This 
average d result  demonstrate s tha t  i n principle ,  transformatio n 
base d comparison s d o no t  hav e t o b e synunetrical .  However , 
i t  als o mask s individua l  case s wher e ther e ar e greate r 
asymmetrie s i n th e comparison s (se e Figur e 2 ,  case s 1  &  2) . 
Thi s demonstrate s tha t  comparison s wil l  b e sensitiv e t o 
prio r  networ k state s an d th e natur e o f  th e exempla r  se t  t o 
whic h th e networ k i s exposed . 

I n thi s example ,  w e hav e use d th e mea n o f  th e trainin g 
exemplars ,  a' ,  t o represent  th e inpu t  vecto r  i n th e 
compariso n A  i s lik e B .  Thi s i s a  simplification .  Subject s 
wil l  us e thei r  o w n conceptua l  stor e (reflectin g thei r  perscMia l 
histor y o f  encounter s wit h th e exemplars )  t o internall y 
generat e th e mos t  prototypica l  representation  o f  a  concep t  i n 
th e give n context ,  rather  tha n a  simpl e averag e o f  al l  thei r 
encounter s wit h exemplar s o f  tha t  concept .  I t  i s  thi s 
representation  tha t  wil l  b e transforme d i n th e comparison . 
Nevertheless ,  th e curren t  exampl e demonstrate s tha t  T F S 

employe d sigmoida l  outpu t  units .  Networ k weight s wer e 
initiall y  randomize d betwee n ±1.0 . 
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O u t p u t  S e m a n t i c F e a t u r e s 

H idde n unit s 
representin g concep t  A 

t 

Hidde n unit s 
representin g concep t  B 

Hidde n unit s 
representin g concep t  C 

I n p u t  S e m a n t i c F e a t u r e s 

Figur e 1 .  Exampl e neura l  networ k architectur e fo r  performin g similarit y judgment s usin g Transformationa l  Functio n 
Similarity . 

similarit y m a y generat e comparison s tha t  ar e no t 
symmetrical . 

Concepts and classification 

Th e psychologica l  stor y behin d thi s for m o f  processin g i s 
as follows .  Similarit y judgment s pe r  s e ar e no t  a  primar y 
functio n o f  th e cognitiv e system .  Similarit y arise s a s a 
consequenc e o f  classification .  I t  i s  o f  crucia l  importanc e fo r 
an organis m t o b e abl e t o classif y ne w situation s an d object s 
i n it s environmen t  s o tha t  i t  m a y brin g t o bea r  appropriat e 
knowledg e i n dealin g wit h them .  Give n a  se t  o f  feature s tha t 
describ e a  n e w situation/object ,  th e cognitiv e system' s tas k 
i s on e o f  patter n recognition .  Thi s i s a  tas k tha t 
connectionis t  network s ar e wel l  suite d t o perform .  A 
frequaitl y  jxopose d architectur e f( w connectionis t  patter n 
recognitio n i s autoassociation .  T o establis h whethe r  X  i s a n 
instanc e o f  A ,  w e find  ou t  whethe r  a  networ k traine d t o 
autoassociat e th e variou s instance s o f  A  ca n accuratel y 
rqjroduo e X .  Th e similarit y judgmen t  i s a  reflectio n o f  th e 
accurac y o f  tha t  reproduction.  I n thi s view ,  similarit y 
judgment s d o no t  requir e a  specia l  purpos e mechanism . 
Similarit y judgment s ar e a n adjunc t  t o ou r  abilit y  t o 
classify . 

I n general ,  th e representatio n o f  a  concep t  i s develope d 
throug h experienc e wit h a  rang e o f  exemplars .  A  networ k 
tha t  autoassociate s knowledg e abou t  thes e exemplar s wil l 
extrac t  a  prototype'o f  th e concept ,  t o whic h i t  wil l  respond 
preferentially .  Thi s reflect s th e typicalit y effect s demon -
strate d b y human s i n classificatio n task s (Rosch ,  1973) .  A 
networ k tha t  represent s a  concep t  wil l  thu s ten d t o generat e 
q-eigenvector s fo r  th e prototyp e o r  prototype s o f  tha t 
concep t 

The representation of concepts and the 
ro l e o f  c o n t e x t  i n c o m p a r i s o n s . 

I n Figur e I ,  w e hav e spli t  th e representation s o f  th e 
concept s {a} ,  {b} ,  an d {c} ,  int o separat e sub-networks .  I n 
fact ,  i t  i s  mor e likel y tha t  concept s woul d shar e 

representations  a s a  functio n o f  thei r  similarity .  O n e avenu e 
of  futur e wor k woul d b e t o detenmin e h o w thi s organizatim i 
migh t  emerg e b y virtu e o f  th e learnin g procedure . 

We envisag e tha t  specifi c  instance s o f  a  genera l  concq H 
woul d b e represente d a s specifi c  mapping s aaos s th e genera l 
are a o f  th e networ k responsibl e fo r  representin g th e concept . 
Thu s th e concep t  (Michae l  Jordan }  woul d b e a  mappin g 
acros s th e sub-networ k responsibl e fo r  representing 
basketbal l  players .  Thi s ha s th e followin g implicatio n wit h 
regards  t o similarit y comparisons .  Askin g whethe r  X  i s 
simila r  t o a  basketbal l  playe r  enforce s a  give n 
transformatio n o n X .  Askin g whethe r  X  i s simila r  t o 
Michae l  Jordan ,  however ,  woul d involv e usin g thi s sam e 
basketbal l  networ k wit h th e Michae l  Jorda n labe l  activated . 
Thi s woul d modif y th e transformatio n perfonne d b y th e 
network .  I n thi s example ,  th e Michae l  Jorda n labe l  play s th e 
role  o f  contextua l  information ,  tha t  mediate s th e 
transformatio n perfonne d b y th e basketbal l  playe r  networit . 
Thi s illustrate s th e mor e genera l  poin t  tha t  Transformationa l 
Functio n Similarit y i s contex t  sensitive .  Se e Thoma s an d 
Marescha l  (1996 )  fo r  a  mor e detaile d discussio n o f  contex t 
effects . 

Bias, Salience, and Coherence revisited 

We hav e claime d tha t  asynmietrie s i n comparison s fal l 
naturall y ou t  o f  th e compariso n proces s itself .  I n sectio n 3 , 
we reported a  numbe r  o f  additiona l  factor s propose d a s 
explanation s fo r  h o w symmetrica l  compariso n procedure s 
coul d generat e asymmetries .  Th e notion s o f  bia s an d salienc e 
wCTe ascribe d t o individua l  concepts .  Fo r  example ,  whe n a 
concep t  wit h a  hig h salienc e forme d th e secon d ter m o f  a 
comparison ,  the n similarit y wa s greate r  tha n i f  i t  forme d th e 
first  term .  Th e T F S approac h als o allow s fo r  effect s 
stemmin g fro m individua l  concepts .  Thes e wil l  relate  t o th e 
norma l  factor s whic h determin e h o w wel l  network s perfor m 
transformation s i n general .  Thu s a n autoassociativ e netww k 
wit h mor e Uainin g wil l  ten d t o produc e mor e accurat e 
reproductions  tha n a n equivalen t  networ k wit h les s training . 
And withi n a  give n network ,  exemplar s appearin g mcMr e 
ofte n i n th e trainin g se t  wil l  ten d t o b e reproduced 

760 



Metri c Clockwis e T F S Anti-clockwis e T F S 

Mean. 

Case 1 . 

Case! . 

A A h 

A A / x 

c 

A 
a i b a 

Figur e 2 .  Thes e triangle s illustrat e th e similarit y distanc e betwee n thre e concept s {a} ,  {b} ,  an d {c} ,  generate d b y a  metri c 
similarit y measur e suc h a s Euclidea n distanc e (colunr n 1 )  o r  b y th e metri c compariso n phas e o f  th e Transformationa l 
Functio n procedur e (column s 2  an d 3) .  Th e metri c compariso n i s symetrical .  Th e T F similarit y i s  asymmetrical ,  varyin g 
accordin g t o th e directio n o f  compariso n (Clockwis e =  a  t o c ,  c  t o b ,  an d b  t o a ;  Anti-clockwis e =  a  i o b ,  b  t o c ,  an d c  t o a) . 
The lengt h o f  th e sid e betwee n tw o vertice s correspond s t o th e invers e o f  th e similarit y betwee n th e correspondin g concepts . 

more accuratel y tha n thos e presente d les s often .  Th e networ k 
performin g th e transformatio n correspond s t o th e secon d 
ter m i n th e comparison .  I f  w e se e th e salienc e o f  a  concep t 
as equivalen t  t o th e amoun t  o f  trainin g a  networ k ha s 
received  o n tha t  concept ,  the n th e clai m tha t  mor e salien t 
concept s produc e greate r  similarit y judgment s whe n the y 
fon n th e secon d ter m o f  a  compariso n correspond s t o th e 
ide a tha t  a  bette r  traine d auloassociato r  wit h mor e training , 
autoassociate s better . 

The secon d ter m i s  als o privilege d whe n i t  i s  a  mor e 
genCTal  o r  prototypica l  cas e o f  a  give n concept .  Thu s 
subject s prefe r  Re d Chin a t o com e secon d i n th e compariso n 
of  Re d Chin a an d Nort h Kore a becaus e Chin a i s th e mor e 
genera l  cas e o f  a  communis t  countr y (Ortony ,  Vondruska , 
Foss ,  an d Jones ,  1985) .  I n networ k terms ,  thi s preferenc e 
reflect s tha t  fac t  tha t  a n autoassociato r  traine d o n a  widC T 
rang e o f  pattern s wil l  ten d t o produc e mor e accurat e 
autoassociation s o f  an y give n pattern .  Thu s a  networ k 
uaine d o n ever y possibl e autoassociatio n woul d reproduc e 
ever y patter n ver y accurately .  Ever y patter n woul d hav e a 
hig h similarit y t o tha t  knowledg e base . 

Ckntne r  an d Bowdl e (1994 )  pu t  forwar d th e notio n o f 
coherenc e t o explai n h o w a  symmetrica l  mappin g procedur e 
coul d generat e asynmietrica l  comparisons .  Similarit y wil l  b e 
judge d greate r  whe n th e mor e coheren t  concep t  come s secon d 
i n a  comparison .  Th e notio n o f  cohaenc e i s tie d t o theorie s 
concernin g th e relation  betwee n linguisticall y structure d 
representations  -  tha t  is ,  thos e constructe d alon g 

assumption s o f  compositionalit y an d systematicity . 
Connectionis t  network s ar e no t  currentl y a t  a  stag e t o giv e 
robust  account s o f  thi s kin d o f  conceptua l  representation.  I f 
a solutio n t o thi s proble m ca n b e foun d the n th e T F S theor y 
m ay similarl y b e extended .  Fo r  example ,  a  structura l 
compariso n o f  th e concept s A  an d B ,  migh t  involv e a 
transformatio n o f  th e structur e o f  A  usin g di e networ k 
representing  th e structur e o f  B . 

I n short ,  th e T F S measur e i s consisten t  wit h idea s o f  bia s 
and salienc e previousl y propose d t o accoun t  fo r  asynunetr y 
effects .  Bot h fal l  naturall y ou t  o f  th e trainin g procedure s 
use d wit h connectionis t  autoassociators .  Fo r  th e momen t ,  i t 
i s difficul t  t o se e h o w th e ide a o f  cohoenc e coul d b e 
extende d t o th e T F S measure . 

Analogy: Static Mapping or High Level 
P e r c e p t i o n ? 

Previou s computationa l  model s o f  analog y hav e broadl y 
falle n int o tw o camps .  Th e first  o f  thes e see s analogica l 
comparison s a s involvin g mapping s o r  link s betwee n tw o 
stati c representations  (e.g .  A C M E :  Holyoa k an d Thagard , 
1989) .  S o m e kin d o f  mappin g "engine "  see s h o w wel l  on e 
representation  fits  ove r  another :  whethe r  the y hav e th e sam e 
shape ,  whic h part s o f  on e correspon d t o whic h part s o f  th e 
other ,  an d s o on .  Th e secon d vie w see s analogica l 
comparison s a s involvin g th e formatio n o f  new , 
dynamicall y configure d representations ,  create d b y th e 
compariso n proces s itsel f  (e.g .  Copycat :  Hofstadter ,  1984 ; 
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Mitchell .  1993 ;  Tabletop :  Hofscadte r  an d French ,  1994) . 
Thes e researchers  describ e analog y a s a  proces s o f  "hig h 
leve l  perception" .  I n th e compariso n " A i s lik e B" ,  th e 
proces s reall y i s  on e o f  seein g A  a s i f  i t  wer e B . 

llicorie s o f  analog y mus t  b e hise d o n a n underiyin g 
notio n o f  similarity .  A  theor y o f  analog y base d o n th e T F S 
vie w woul d hav e a  foo t  i n bot h o f  th e abov e camps .  A 
compariso n initiall y  involve s a  transformation ,  whic h 
generate s a  ne w representation .  Fo r  " A i s lik e B" ,  th e B 
knowledg e transform s th e A  representation  t o creat e a  ne w 
representation,  B(A) .  Thoma s an d Marescha l  (1996 ) 
propose d tha t  thi s ne w representation  migh t  b e see n a s a 
metaphorica l  comprehensio n o f  A ,  transforme d b y seein g A 
as B .  T o measur e th e similarit y o f  A  t o B  (fo r  example ,  i n 
orde r  tha t  on e migh t  respond  i n a  similarit y judgmen t  task) , 
one mus t  evaluat e h o w wel l  B  knowledg e ha s repnxluoed  th e 
A representation.  Tha t  is ,  a  procedur e mus t  compar e th e 
stati c representations  fo r  A  an d B(A) .  T o deriv e a  lis t  o f 
feature s whic h A  an d B  hav e i n c o m m o n ,  on e note s th e 
feature s o f  A  tha t  hav e bee n strongl y reproduced  i n B(A) . 
Under  a  T F S view ,  first  ther e i s a  transformation ,  the n ther e 
i s a  comparison .  I n othe r  words ,  analog y involve s bot h 
processe s o f  hig h leve l  perceptio n an d o f  th e compariso n o f 
stati c representations. 

Conclusion 

I n thi s pape r  w e hav e outline d Kitcher' s (1996 )  criticis m 
of  connectionis t  processing ;  namely ,  tha t  Connectionis m 
employ s similarit y base d processing ,  bu t  tha t  it s basi s o f 
similarit y i s no t  su^XMle d i n huma n similarit y judgments . 
We hav e sketche d ou t  a n approac h base d o n connectionis t 
processing ,  i n whic h similarit y i s conceptualize d a s a 
transformation .  Transformationa l  Functio n Similarit y (TFS ) 
naturall y exhibit s asymmetr y i n comparisons ,  s o tha t  th e 
similarit y o f  A  t o B  i s no t  alway s equa l  t o th e similarit y o f 
B t o A .  Thi s asymmetr y emerge s directl y fro m th e non -
linea r  processin g o f  connectionis t  networks .  Connectionis t 
processin g i s thu s consisten t  wit h psychologica l  notion s o f 
similarity ,  an d Kitcher' s criticis m i s unwarranted . 

Othe r  theorie s o f  similarit y hav e accounte d fo r  th e 
asymmetri c natur e o f  comparison s b y extendin g basicall y 
symmetrica l  compariso n procedures .  I n th e T F S account , 
th e asymmetr y i s a  propert y o f  th e compariso n procedur e 
itself .  Th e notio n o f  similarit y a s a  transformatio n offer s a 
basi s fro m whic h t o explai n effect s suc h a s asymmetr y tha t 
aris e fro m highl y constraine d empirica l  situations ,  suc h a s 
askin g subject s t o compar e countries .  Suc h task s ar e 
though t  t o b e simpl e an d t o reveal  th e basi c processe s o f 
similarit y judgments .  Tha t  asymmetrie s exis t  eve n i n 
apparentl y straightforwar d example s coul d b e take n t o 
impl y tha t  th e basi c mechanism s underlyin g comparison s 
must  themselve s generat e th e asymmetry .  However ,  thes e 
consideration s m a y obscur e th e fac t  tha t  ther e ar e man y 
mor e comple x type s o f  analogica l  proble m solving ,  whic h 
involv e th e extoide d comparison s o f  previousl y unrelate d 
domains .  W e sugges t  tha t  th e explanation s fo r  simple , 
rapkJ  judgment s o f  similarit y betwee n concept s m a y diffe r 
fro m thos e require d t o accoun t  fo r  slower ,  reasonin g base d 
comparisons .  Th e T F S accoun t  lie s ver y muc h wit h th e 
clas s o f  simple ,  rapi d mechanisms . 
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