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Abstrac t 

How d o my menta l  state s compar e t o yours ? We sugges t 
that ,  whil e w e ma y no t  b e abl e t o compar e experiences ,  w e 
can compar e neura l  representations ,  an d tha t  th e correc t  wa y 
t o compar e neura l  representation s i s throug h analysi s o f  th e 
distance s betwee n them .  I n thi s paper ,  w e presen t  a  tech -
niqu e fo r  measurin g th e similaritie s betwee n representation s 
at  variou s layer s o f  neura l  networks .  W e the n us e th e measur e 
t o demonstrat e empiricall y tha t  differen t  artificia l  neura l  net -
work s traine d b y backpropagatio n o n th e sam e categorizatio n 
task ,  eve n wit h differen t  representationa l  encoding s o f  th e in -
put  pattern s an d differen t  number s o f  hidde n units ,  reac h state s 
i n whic h representation s a t  th e hidde n unit s ar e similar . 

I n t roduc t io n 

Many psychologist s hav e postulate d model s o f  semanti c 
memory tha t  identif y semanti c similarit y wit h proximit y i n 
a high-dimensiona l  spac e o f  concepts .  S o m e us e technique s 
fro m psychophysics ,  performin g multidimensiona l  scalin g o n 
larg e number s o f  huma n similarit y judgement s (Rip s e t  al. , 
1973) .  Other s hav e extracte d cooccurrenc e matrice s wit h se -
manti c propertie s fro m larg e tex t  corpor a (Lun d e t  al. ,  1995) . 
Paul  Churchlan d ha s argue d tha t  th e activatio n stat e spac e o f 
neura l  network s capture s semanti c similarit y b y th e proxim -
it y o f  activatio n vector s (Churchland ,  1989) .  Thi s vie w ha s 
much t o b e sai d fo r  it .  I t  explain s th e psychometri c dat a tha t 
human judgement s o f  similarit y ten d t o b e robus t  acros s sub -
jects ;  i t  explain s th e dat a fro m lexica l  decisio n experiment s 
tha t  semantically-relate d pair s o f  word s presente d sequen -
tiall y  ar e identifie d mor e quickl y tha n non-relate d words ;  an d 
i t  explain s man y prototypicalit y effect s i n categorization . 

Callin g Churchland' s vie w "state-spac e semantics" ,  how -
ever ,  Jerr y Fodo r  an d Ernes t  Lepor e hav e mounte d a  power -
fu l  argumen t  agains t  i t  (Fodo r  an d Lepore ,  1992) .  The y argu e 
tha t  state-spac e semantic s entail s semanti c holism ,  an d tha t 
semanti c holis m i s intolerable .  Semanti c holis m i s th e vie w 
tha t  th e conten t  (meaning )  o f  eac h on e o f  a  particula r  per -
son' s thought s depend s o n th e conten t  o f  ever y othe r  on e o f 
tha t  person' s thought s (wha t  I  mea n whe n I  thin k That' s a 
dog depend s o n wha t  I  mea n whe n I  thin k That' s a  lightbulb , 
and s o on) .  Fodo r  an d Lepor e argu e tha t  semanti c holis m i s 
intolerabl e o n th e ground s tha t  i t  woul d entai l  tha t  c o m m u -
nication ,  languag e learning ,  psychologica l  explanation ,  an d 
scientifi c  progres s ar e impossible ' 

' We will not go into the details of their arguments against holism. 
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Fodo r  an d Lepor e argu e tha t  state-spac e semantic s i s per -
niciousl y holisti c becaus e i t  postulates :  (1 )  tha t  th e meaning s 
of  representation s i n semanti c spac e ar e determine d b y thei r 
relation s t o othe r  representation s i n semanti c space ;  an d (2 ) 
tha t  w e coul d neve r  determin e whethe r  tw o semanti c space s 
exhibi t  identical ,  o r  eve n similar ,  set s o f  relations .  W e agre e 
wit h (1 )  bu t  den y (2) .  I n thi s paper ,  w e presen t  a  concret e 
metho d fo r  measurin g th e similarit y betwee n tw o seman -
ti c space s an d w e demonstrat e empiricall y tha t  th e semanti c 
space s o f  differen t  neura l  network s traine d o n simila r  prob -
lem s ar e ofte n similar ,  eve n whe n thei r  inpu t  encoding s o r 
number  o f  hidde n unit s ar e different . 

Fodo r  an d Lepor e stat e thei r  argumen t  a s follows : 

What  Churchlan d ha s o n offe r  i s th e ide a tha t  tw o con -
cept s ar e simila r  insofa r  a s the y occup y simila r  position s 
i n th e sam e stat e space .  Th e questio n thu s present s it -
self :  Whe n ar e S \  an d S 2 th e sam e stat e space ? W h e n , 
fo r  example ,  i s you r  semanti c spac e a  toke n o f  th e sam e 
semanti c spac e stat e typ e a s mine ? Well ,  clearl y a  nec -
essar y conditio n fo r  th e identit y o f  stat e space s i s th e 
identit y  o f  thei r  dimensions ;  specifically ,  identit y o f  thei r 
semanti c dimensions ,  sinc e th e curren t  proposa l  i s  tha t 
concept s b e locate d b y referenc e t o a  spac e o f  seman -
ticall y relevan t  properties .  W e ar e thu s face d wit h th e 
questio n o f  whe n x  an d y  ar e th e sam e semanti c dimen -
sions....Bu t  thi s i s surel y jus t  th e ol d semanti c identit y 
proble m bac k agai n (Fodo r  an d Lepore ,  1992 ,  pp .  197 -
8) . 

Putting the argument explicitly in terms of neural networks, 
i t  goe s lik e this :  suppos e yo u hav e tw o networks ,  possibl y 
wit h differen t  number s o f  node s (i.e. ,  differen t  dimensionalit y 
of  th e activatio n space )  an d differently-weighte d connections 
(i.e. ,  differen t  dimension s i n th e activatio n space) .  H o w the n 
ca n yo u tel l  whe n th e network s ar e representin g thei r  input s 
th e sam e way l 

We propos e th e followin g answer :  becaus e state-spac e se -
mantic s claim s tha t  th e proximitie s o f  point s i n activatio n 
spac e captur e semanti c content ,  point s i n tw o differen t  se -
manti c space s represen t  th e sam e thin g jus t  i n cas e the y con -
for m t o th e sam e se t  o f  distanc e relations .  Thus ,  w e needn' t 

becaus e w e inten d t o sho w tha t  state-spac e semantic s i s no t  perni -
ciousl y holistic .  Se e (Fodo r  an d Lepore ,  1992 ,  pp .  8-16 )  fo r  th e 
detail s o f  thei r  arguments . 
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determin e whethe r  th e dimension s o f  th e space s ar e th e same , 
but  onl y whethe r  point s i n tw o space s hav e th e sam e distance s 
relativ e t o eac h oUier .  Th e questio n the n becomes :  ho w d o w e 
determin e whethe r  tw o differen t  activatio n space s hav e th e 
same se t  o f  distanc e relation s amon g thei r  points ,  regardles s 

of  th e numbe r  o f  dimension s the y m a y hav e o r  th e interpreta -
tion s o f  thos e dimensions ? 

Assumin g tha t  w e hav e labele d point s (tha t  is ,  tha t  w e ca n 
labe l  eac h representatio n b y th e stimulu s tha t  induce d it) ,  on e 
approac h i s t o us e cluste r  analysi s t o visualiz e th e relation -
ship s betwee n points .  I n th e applicatio n o f  cluste r  analy -
si s t o networks ,  pattern s o f  activatio n a t  th e hidde n unit s ar e 
measure d fo r  eac h input ;  th e pattern s ar e the n progressivel y 
matche d wit h eac h othe r  accordin g t o thei r  proximity .  Th e 
resul t  i s  a  dendogram ,  o r  tre e structure ,  whic h show s th e 
proximitie s o f  th e inpu t  pattern s a s the y ar e represente d a t 
th e hidde n layer .  I n th e first  applicatio n o f  cluste r  analysi s 
t o representatio n i n artificia l  neura l  networks ,  Sejnowsk i  an d 
Rosenber g showe d tha t  similaritie s amon g hidden-laye r  rep -
resentation s i n thei r  NETTal k networ k matche d th e phono -
logica l  similaritie s tha t  human s perceiv e i n spoke n phonemes . 
For  example ,  hard-'c '  an d 'k '  sound s wer e groupe d together , 
and a t  th e highes t  level ,  consonant s wer e groupe d together ,  a s 
wer e vowels .  (Sejnowski  an d Rosenberg ,  1987) .  Give n tw o 
networks ,  then ,  on e coul d d o cluste r  analyse s o f  th e sam e in -
put s t o eac h an d compar e th e resultin g dendograms .  Thi s i s 
fine  i f  al l  w e wan t  t o d o i s "eyeball "  th e similarity ,  bu t  i t  doe s 
not  yiel d a  numbe r  tha t  tell s  u s h o w simila r  th e tw o repre -
sentation s are .  W e kno w o f  n o accepte d wa y o f  rigorousl y 
assessin g th e similarit y o f  differen t  dendograms . 

Hence ,  instea d o f  usin g cluste r  analysis ,  w e propos e a  dif -
feren t  metho d o f  measurin g representationa l  similarity :  cor -
relatio n betwee n inter-poin t  distance s i n th e respectiv e net -
works .  W e star t  b y computin g th e Euclidea n distanc e be -
twee n pair s o f  point s i n eac h o f  th e tw o activatio n spaces . 
By comparin g onl y distance s betwee n points ,  w e achiev e in -
varianc e t o unifor m globa l  translation ,  rotation ,  an d reflectio n 
of  representationa l  space . 

Next ,  w e calculat e correlatio n betwee n th e tw o set s o f  dis -
tances .  Suppos e th e row s o f  a  matri x X  ar e th e activatio n 
pattern s generate d b y variou s stimul i  i n Networ k X .  X ,  desig -
nate s th e patter n o f  activatio n (ro w o f  th e matrix )  correspond -
in g t o stimulu s i  a s i t  i s represente d b y Networ k X .  Likewise , 
suppos e th e representatio n o f  th e sam e stimul i  fro m a  differ -
ent  networ k i s encode d i n th e matri x Y .  The n fo r  m stim -
uli ,  w e calculat e th e distance s betwee n th e hidde n activatio n 
vector s i n th e tw o networks ,  givin g tw o lengt h m{T n -  l)/ 2 
vector s o f  distances .  W e tha n comput e similarit y betwee n th e 
tw o representation s b y calculatin g correlatio n betwee n thes e 
tw o vectors .  Takin g correlatio n als o give s u s on e mor e invari -
ance :  correlatio n i s invarian t  t o difference s i n scal e betwee n 
th e tw o spaces . 

We believ e tha t  calculatin g correlatio n betwee n distance s 
among point s i n th e hidden-uni t  representation s i n tw o neura l 
network s give s u s a  numbe r  whic h tell s  u s h o w simila r  th e 
"semanti c structures "  ar e i n th e tw o networks .  Correlatin g 
distance s betwee n point s answer s Fodo r  an d Lepore' s chal -

lenge :  w e needn' t  kno w th e meaning s o f  th e dimension s i n 
th e tw o network s and ,  indeed ,  th e numbe r  o f  dimension s nee d 
not  eve n b e th e sam e s o lon g a s the y preserv e th e distance s 
betwee n points . 

Experiment 1 

As a n exampl e o f  ho w ou r  techniqu e fo r  measurin g similari -
tie s i n networ k representation s ca n b e used ,  w e modele d colo r 
categorizatio n i n artificia l  neura l  network s usin g a  variet y o f 
inpu t  encodings .  Th e differen t  encoding s migh t  b e though t 
of  a s way s i n whic h differen t  "species "  encod e th e impac t  o f 
variou s wavelength s o f  ligh t  o n thei r  sensor y systems .  W e 
wer e intereste d i n tw o questions .  First ,  t o wha t  exten t  woul d 
differen t  "species "  agre e abou t  thei r  interna l  representation s 
of  th e concept s whe n the y al l  carve d u p th e worl d i n th e sam e 
way (i.e. ,  al l  agree d abou t  th e colo r  labels) ? Second ,  t o wha t 
exten t  woul d member s o f  th e sam e specie s agree ,  give n tha t 
the y ma y hav e differen t  number s o f  neuron s (whil e al l  ha d 
sufficien t  number s t o d o th e task) ? 

Procedure 

We traine d a  numbe r  o f  network s o n a  colo r  categorizatio n 
task ;  input s wer e base d o n spectrophotomete r  readings ,  an d 
output s wer e localis t  representation s o f  5  colo r  categorie s 
(red ,  yellow ,  green ,  blue ,  an d purple) .  Fo r  inputs ,  w e use d 
a databas e o f  spectrophotomete r  reading s fro m colo r  sample s 
(anonymous ,  1995) .  Th e origina l  dat a wer e 61-elemen t  vec -
tor s o f  integer s betwee n 0  an d 4095 ,  rea d a t  5 n m interval s o f 
th e visua l  spectru m betwee n 400n m an d 700nm .  W e use d th e 
red ,  yellow ,  green ,  blue ,  an d purpl e patterns ,  scale d th e in -
put s t o 0-25 5 integers ,  an d selecte d ever y 5t h field  fro m th e 
origina l  data ,  leavin g 1 2 inpu t  elements .  W e use d a  localis t 
encodin g fo r  th e output s (re d = 1 0 0  0  0 ,  yello w =  0 1 0 0 0 , 
and s o on) . 

Fro m thi s bas e dat a set ,  w e create d fou r  differen t  encoding s 
of  th e inpu t  pattern s t o b e use d i n trainin g th e networks :  Th e 
rea l  encodin g wa s forme d b y scalin g th e 0-25 5 intege r  input s 
t o decima l  representation s betwee n 0  an d 1 .  Thus ,  eac h pat -
ter n ha d 1 2 inpu t  element s i n th e rea l  encoding ,  eac h elemen t 
a rationa l  numbe r  betwee n 0  an d 1 .  Fo r  example ,  th e rea l 
representatio n o f  th e first  patter n wa s <0.82745 1 0.83529 4 
0.82745 1 0.81568 6 0.79607 8 0.82745 1 0.87451 0 0.87451 0 
0.86274 5 0.8470590.82745 1 0.815686> .  Th e fcrnary  encod -
in g wa s forme d b y representin g th e 0-25 5 intege r  input s a s 
8-bi t  binar y numbers .  Thus ,  eac h patter n ha d 9 6 (=12x8 ) 
inpu t  element s i n th e binar y encoding ,  eac h elemen t  value d 
eithe r  0  o r  1 .  Fo r  example ,  th e binar y representatio n o f  th e 
first  patter n wa s < 1 1  0  I  0  0  1  1  1  1  0  1  0  1  0  1  1  1  0 
1 0 0 1 1 1 1 0 1 0 0 0 0 1 1 0 0 1 0 1 1 1 1 0 1 0 0 1 
1 1 1 0 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 0 1 1 1 0 0 1 1 0 
1 I 0 0 0 1 1 0 1 0 0 1 1 1 1 0 1 0 0 0 0 > .  Th e gaus -
sia n encodin g wa s forme d b y dividin g th e interva l  betwee n 
0 an d 25 5 int o quarters ,  an d usin g five  unit s t o represen t  th e 
endpoint s o f  th e intervals .  A  particula r  valu e wa s code d a s 
a Gaussia n "bump "  o n thi s interval ,  wit h a  standar d devia -
tio n o f  3 2 an d mea n a t  th e poin t  t o b e represented .  Th e inpu t 
gaussian s wer e thu s centere d a t  0 ,  63.75 ,  127.5 ,  191.2 5 an d 
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-- > Green-32 0 
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-- > Blue-60 0 
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I-- I  |- > Purple-S2 0 
|-- > Purple-62 0 

I  >  R«d- 2 0 
I  |-- > fled-4 0 

.. .  R.d-6 0 > Purple-42 0 
-- .  Red-e O 
_ | - > Red-10 0 

|- > R«d-54 0 

-I -
I-- I  I -

> Purple-44 0 
> Purple-46 0 
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Purple-48 0 
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- > Purple-62 0 
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yellow-U O 

_|- .  y«llow-14 0 
|- > yellou-20 0 

- > yellow-22 0 
ellow-56 0 
Green-28 0 

-- > Green-26 0 
_ l - > Green-24 0 

)_|- > Creen-32 0 
|_|- > Green-30 0 

|- > Green-58 0 
!-- > Blue-3e o 
|-- > Blue-40 0 
_ | - > Blue-34 0 

I  |- > Blue-36 0 
-- > Blue-60 0 

Figur e 1 :  Representativ e clustering s o f  hidden-uni t  activation s from  tw o o f  th e five  network s traine d o n th e "real "  encodin g (3 1 

of  62 7 pattern s shown) . 

255 .  Fo r  example ,  th e gaussia n representatio n o f  th e first  pat -
ter n wa s <0.{)0000 0 0.00000 4 0.00302 4 0.19348 1 0.97635 8 
.. .  0.00000 0 0.00000 6 0.00414 3 0.22831 0 0.992218> .  Th e 
sequentia l  encodin g wa s forme d b y numberin g th e pattern s 
sequentiall y  wit h 3-digi t  decima l  number s fro m 00 1 t o 627 . 
Each 3-digi t  numbe r  wa s the n represente d b y a  singl e uni t 
wit h a n activatio n betwee n 0  an d 1 .  Fo r  example ,  th e sequen -
tia l  representatio n o f  th e first  patter n wa s <0. 0 0. 0 0. 1 > .  Be -
caus e th e inpu t  pattern s i n th e dat a se t  wer e ordere d b y color , 
thi s representatio n make s mor e sens e tha n i t  m a y appea r  a t 
first. 

From each representation, we selected every sixth line for 
th e holdou t  se t  (10 4 patterns )  an d lef t  th e res t  fo r  th e trainin g 
set  (52 3 patterns) .  Becaus e w e wer e no t  explorin g general -
izatio n i n thi s experiment ,  w e di d no t  us e a  testin g set . 

Using backpropagation, we trained 3-layer networks, each 
wit h 3  hidde n units ,  o n eac h inpu t  encodin g fo r  a  m a x i m u m 
of  10,00 0 cycle s usin g a  learnin g rat e o f  0.25 .  Trainin g wa s 
stoppe d befor e epoc h 10,00 0 i f  th e roo t  mean-square d erro r 
of  th e holdou t  pattern s ha d no t  decline d i n a s man y epoch s a s 
take n t o reac h th e previou s low .  Fo r  example ,  i f  a  m in imu m 
roo t  mean-square d erro r  wa s reache d afte r  epoc h 2,50 0 an d 
no subsequen t  epoc h ha d a  lowe r  error ,  the n trainin g woul d b e 
stoppe d afte r  epoc h 5,000 .  Fo r  eac h encoding ,  th e experimen t 
was repeate d wit h 5  networks ,  eac h startin g wit h a  differen t 
set  o f  initia l  rando m weights . 

Using the best learned weights (the ones between the be-
ginnin g an d en d o f  trainin g wit h th e bes t  erro r  o n th e holdou t 
set) ,  w e compute d activation s a t  th e hidde n node s o n eac h in -
put  pattern ,  thereb y obtainin g eac h network' s representatio n 
of  th e inpu t  pattern s a t  it s  hidde n layer .  W e the n compute d 
th e Euclidea n distances ,  fo r  eac h activatio n matrix ,  betwee n 
eac h patter n an d eac h othe r  patter n i n tha t  matrix .  W e the n 
compute d correlatio n betwee n eac h se t  o f  distance s an d ev -
er y othe r  se t  o f  distances . 

Result s 

In the input encodings, the clustering of the intensities of light 
at  variou s wavelength s d o no t  matc h ver y wel l  wit h ou r  quali -
tativ e perception s o f  colo r  similarities .  Hence ,  th e cluste r  dia -
gram s fo r  th e real ,  binary ,  an d gaussia n inpu t  pattern s appea r 
disorganized ,  i n th e sens e tha t  color s tha t  w e woul d grou p to -
gethe r  (e.g. ,  greens )  wer e intersperse d wit h othe r  color s (dat a 
not  shown) .  Thus ,  w e expecte d th e differen t  inpu t  encoding s 
t o no t  b e ver y highl y correlated .  Contrar y t o ou r  expectations , 
th e binary ,  rea l  an d gaussia n inpu t  encoding s wer e highl y cor -
relate d wit h eac h othe r  (se e Figur e 2 ,  par t  a) .  Th e correlatio n 
betwee n th e rea l  an d gaussia n encoding s wa s nearl y 1 ,  an d 
th e binar y encodin g ha d a  correlatio n o f  abou t  0. 6 wit h bot h 
th e rea l  an d th e gaussia n encodings .  Th e sequentia l  encoding , 
on th e othe r  hand ,  wa s almos t  completel y uncorrecte d wit h 
th e othe r  encodings . 

Th e measure d differenc e betwee n th e sequentia l  inpu t  en -
codin g an d th e othe r  inpu t  encoding s m a y b e du e t o th e fac t 
tha t  th e origina l  dat a wer e groupe d b y color .  Tha t  is ,  th e 
first  11 5 pattern s wer e reds ,  th e nex t  12 0 pattern s wer e yel -
lows ,  an d s o on .  Becaus e th e pattern s t o whic h th e sequen -
tia l  encodin g wa s applie d wer e ordere d b y thei r  colo r  cate -
gory ,  th e sequentia l  number s wit h whic h the y ar e encode d 
contai n som e informatio n abou t  thei r  category .  Mos t  color s 
tha t  shoul d b e categorize d togethe r  ar e nearb y i n th e inpu t 
patter n space ,  bu t  ther e ar e tw o kind s o f  exceptions .  Th e first 
i s  tha t  pattern s differin g i n th e orderin g b y a s m u c h a s 10 0 
ca n b e a s clos e togethe r  a s pattern s differin g b y onl y on e i n 
th e ordering .  Fo r  example ,  patter n 34 5 (represente d a s <0.3 , 
0.4 ,  0. 5 > )  i s a s clos e t o patter n 24 5 «0 .2 ,0 .4 ,0 .5 » a s 24 5 
i s t o 24 4 « 0 . 2 ,  0.4 ,  0 .4» . 

Th e secon d exceptio n i s cause d b y th e fac t  tha t  al l  neigh -
bor s  i n th e orderin g ar e 0. 1 apar t  i n th e encodin g excep t  point s 
wit h a  0  element .  Eac h patter n wit h a  0  elemen t  i n th e se -
quentia l  encodin g come s righ t  afte r  on e wit h a  0. 9 elemen t 
(an d henc e th e tw o ar e a t  leas t  0. 9 unit s apart) .  Fo r  example . 
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Figur e 2 :  Hinto n diagram s showin g correlatio n amon g inpu t  pattern s (Par t  (a) ,  o n th e left) ,  an d amon g hidde n uni t  activation s 

(Par t  (b) ,  o n th e right) .  Par t  (a )  show s correlatio n amon g th e inpu t  pattern s use d i n trainin g th e networks .  Par t  (b )  show s mea n 

correlatio n betwee n hidde n uni t  activation s o f  5  network s traine d o n eac h encodin g an d hidde n uni t  activation s o f  5  network s 

traine d o n eac h othe r  encodin g (e.g. ,  binar y vs .  real) ,  a s wel l  a s mea n correlatio n betwee n hidde n uni t  activation s amon g th e 5 

network s traine d o n eac h encodin g (e.g. ,  binar y vs .  binary) .  Th e side s o f  th e boxe s ar e proportiona l  t o th e values . 

althoug h pattern s 458 ,  459 ,  an d 46 0 ar e right  nex t  t o eac h 
othe r  i n th e dat a set ,  th e sequentia l  representatio n o f  patter n 
45 9 (<0.4 ,  0.5 ,  0.9> )  i s m u c h close r  t o tha t  o f  patter n 45 8 
(<0.4 ,  0.5 ,  0.8>) ,  tha n i t  i s  t o tha t  o f  patter n 46 0 (<0.4 ,  0.6 , 
0 .0» . 

Correlation s betwee n th e hidde n uni t  activation s fo r  eac h 
of  th e fiv e network s traine d o n th e sam e representation s wer e 
al l  greate r  tha n 0.87 .  Differen t  networks ,  startin g fro m dif -
feren t  rando m initia l  weights,  foun d simila r  solution s t o th e 
colo r  categorizatio n proble m fo r  eac h inpu t  encoding .  Th e 
similaritie s ar e reflecte d i n thei r  cluste r  diagrams ,  whic h sho w 
color s groupe d i n human-lik e way s (se e Figur e 1) .  Eve n mor e 
striking ,  th e hidde n uni t  representation s o f  network s traine d 
on differen t  inpu t  representation s wer e als o highl y correlate d 
(se e Figur e 2  par t  b) .  Correlation s betwee n hidde n uni t  acti -
vation s o f  network s traine d o n th e binary ,  gaussian ,  an d rea l 
inpu t  encoding s ar e al l  greate r  tha n 0.8 ,  whil e correlation s o f 
thes e network s wit h network s traine d o n th e sequentia l  en -
codin g ar e somewha t  lower . 

E x p e r i m e n t  2 

We als o conducte d a  secon d se t  o f  experiments ,  varyin g th e 
number s o f  hidde n unit s i n th e networks ,  an d usin g onl y th e 
rea l  encodin g an d a  variatio n o n th e sequentia l  encoding ,  i n 
orde r  t o determin e whethe r  network s wit h differen t  number s 
of  hidde n unit s woul d develo p simila r  representationa l  struc -
tures . 

Procedur e 

We use d th e sam e colo r  categorizatio n tas k fo r  th e secon d ex -
perimen t  a s fo r  th e first ,  bu t  th e inpu t  representation s wer e 
slighd y different .  Fo r  th e rea l  encoding ,  w e use d al l  6 1 el -
ement s o f  th e origina l  dataset ,  rathe r  tha n samplin g a t  1 2 
evenly-space d intervals .  W e di d no t  us e th e gaussia n o r  bi -
nar y encodings ,  becaus e the y ha d prove d i n th e first  experi -
ment  t o b e highl y simila r  t o th e rea l  encoding .  W e als o ran -
domize d th e orde r  o f  presentatio n o f  th e pattern s durin g eac h 
trainin g epoch ,  an d use d a  separat e testin g se t  i n additio n t o 
th e trainin g an d holdou t  set s o f  th e first  experiment . 

Th e mos t  importan t  differenc e betwee n th e first  an d sec -
on d experiments ,  however ,  wa s tha t  w e varie d th e numbe r  o f 
hidde n unit s i n th e secon d experiment .  Wherea s i n th e first 
experiment ,  al l  o f  th e network s ha d 3  hidde n units ,  i n th e sec -
on d experiment ,  th e numbe r  o f  hidde n unit s wa s varie d fi-om 
1 t o 10 .  Fo r  eac h o f  th e tw o inpu t  encoding s (rea l  an d se -
quential) ,  w e traine d 3-laye r  network s wit h 1  t o 1 0 hidde n 
units .  Eac h networ k wa s traine d a  m i n i m u m o f  50 0 epochs , 
and trainin g wa s stoppe d afte r  th e 500t h epoc h wheneve r  th e 
roo t  mean-square d erro r  o n th e holdou t  se t  ha d no t  decrease d 
i n 5 0 epochs .  W e als o replicate d th e trainin g regim e o n 1 0 ad -
ditiona l  network s wit h 5  hidde n unit s each ,  i n orde r  t o demon -
strat e tha t  th e result s wit h network s wit h differen t  initia l  ran -
d o m weight s wer e robus t  an d t o compar e th e ne w procedure s 
wit h th e previou s ones . 

Results 

Network s wit h 1  an d 2  hidde n unit s faile d t o learn ,  an d s o 
wil l  no t  b e considere d further .  Network s wit h 3  t o 1 0 hidde n 
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Figur e 3 :  N u m b e r  o f  hidde n unit s versu s correlatio n t o inpu t  pattern s an d mea n correlatio n t o network s wit h differen t  number s 

of  hidde n unit s fo r  network s traine d o n th e "real "  encodin g (Par t  (a) ,  o n th e left )  an d fo r  network s traine d o n th e "sequential " 

encodin g (Par t  (b) ,  o n th e right). 

unit s traine d o n th e rea l  inpu t  encodin g agai n learne d hidden -
laye r  representation s tha t  wer e ver y simila r  t o eac h other ,  re -
gardles s o f  th e numbe r  o f  hidde n unit s i n th e network .  Cor -
relation s betwee n hidden-uni t  activation s an d inpu t  pattern s 
wer e lo w (mean=0.232 ,  sd=0.040) ,  bu t  averag e correlation s 
betwee n hidden-uni t  activation s ove r  network s wit h differen t 
number s o f  hidde n unit s wer e hig h (mean=0.934 ,  sd=0.020) . 

The sam e wa s tru e o f  network s traine d o n th e sequentia l 
encodin g (se e Figur e 3) .  Correlation s betwee n hidden-uni t 
activation s an d inpu t  pattern s wer e low ,  althoug h highe r  tha n 
the y wer e fo r  th e "real "  encodin g (mean=0.333 ,  sd=0.061) , 
but  averag e correlation s betwee n hidden-uni t  activation s ove r 
network s wit h differen t  number s o f  hidde n unit s traine d 
on th e "sequential "  encodin g wer e stil l  hig h (mean=0.934 , 
sd=0.013) .  Th e correlatio n betwee n th e hidde n uni t  activa -
tion s o f  network s traine d o n th e rea l  encodin g an d network s 
traine d o n th e sequentia l  encoding ,  however ,  wa s eve n lowe r 
tha n i n th e first  experiment s reporte d her e (abou t  0.3) ,  mos t 
likel y du e t o th e reduce d amoun t  o f  trainin g i n thi s experi -
ment . 

For  network s wit h 5  hidde n units ,  1 0 replication s start -
in g fro m differen t  initia l  rando m weight s confirme d tha t  net -
work s wit h differen t  weight s traine d o n th e sam e encod -
in g foun d ver y simila r  solution s t o th e problem .  Averag e 
correlatio n amon g th e 1 0 differen t  network s traine d o n th e 
rea l  encodin g wa s 0.929 ,  whil e averag e correlatio n amon g 
th e 1 0 differen t  network s traine d o n th e sequentia l  encod -
in g wa s als o 0.944 ,  demonstratin g tha t  network s wit h differ -
ent  weight s traine d o n th e sam e encodin g foun d ver y simila r 
solution s t o th e proble m regardles s o f  whic h encodin g the y 
used .  Averag e correlatio n betwee n th e hidde n uni t  activation s 
of  th e 1 0 5-uni t  network s traine d o n th e sequentia l  encodin g 
and th e sequentia l  encodin g itsel f  wa s 0.325 ,  wherea s aver -
age correlatio n betwee n th e hidde n uni t  activation s o f  th e 1 0 
5-uni t  network s traine d o n th e rea l  encodin g an d th e rea l  en -
codin g itsel f  wa s 0.202 ,  demonstratin g tha t  th e hidde n uni t 

representations ,  whil e no t  completel y unrelate d t o th e inpu t 
patterns ,  wer e no t  simpl y copie s o f  th e inpu t  patterns . 

Discussion 

I t  i s  wel l  k n o w n tha t  differen t  network s traine d o n th e sam e 
proble m m a y partitio n thei r  activatio n space s i n simila r  ways . 
We hav e presente d a  wa y t o measur e this .  Ou r  result s indicat e 
tha t  i t  i s  als o possibl e fo r  network s fro m differen t  "species " 
(i.e. ,  traine d fro m differen t  inpu t  encodings )  t o partitio n thei r 
activatio n space s i n simila r  ways .  Eve n thoug h w e traine d ou r 
network s o n differen t  inpu t  representations ,  th e hig h corre -
lation s betwee n thei r  hidden-laye r  representation s sho w tha t 
the y partitio n thei r  activatio n space s similarly .  Evidently ,  i t  i s 
possibl e fo r  th e representationa l  state s  o f  tw o individual s w h o 
categoriz e thei r  input s th e sam e wa y t o b e simila r  eve n thoug h 
the y hav e differen t  "sensor y systems "  (i.e. ,  inpu t  encodings ) 
and differen t  number s o f  units .  Finally ,  i t  i s  remarkabl e tha t 
individual s fro m th e sam e "species" ,  wit h differen t  number s 
of  hidde n units ,  al l  achiev e essentiall y  identica l  representa -
tiona l  structure s whe n the y agre e o n th e categor y structure . 
Ther e i s som e hop e fo r  communicatio n betwee n us ,  eve n i n 
th e worl d o f  stat e spac e semantics . 

Conclusions 

I n respons e t o Fodo r  an d Lepore' s challeng e t o state-spac e se -
mantics ,  w e hav e argue d tha t  representationa l  similarit y ca n 
be measure d b y correlatio n betwee n inter-poin t  distance s i n 
any tw o activatio n stat e spaces .  Moreover ,  w e hav e give n 
a techniqu e fo r  measurin g representationa l  similarity .  Ou r 
measur e i s a  robus t  criterio n o f  conten t  similarity ,  o f  jus t 
th e sor t  tha t  Fodo r  an d Lepor e demande d i n thei r  critiqu e 
of  Churchland .  I t  ca n b e use d t o measur e similarit y o f  in -
terna l  representation s regardles s o f  h o w input s ar e encoded , 
and regardles s o f  numbe r  o f  hidde n units .  Furthermore ,  w e 
hav e use d ou r  measur e o f  state-spac e similarit y t o demon -
strat e empiricall y tha t  differen t  individuals ,  eve n individual s 
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wit h differen t  "sensor y organs "  an d differen t  number s o f  neu -
rons ,  ma y represen t  th e worl d i n simila r  ways . 
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