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Coars e Codin g I n Valu e Uni t  Networks : 

Subsymbolic Implications Of Nonmonotonic PDP Networks 

C.  D a r r e n Pierce y (dpiercey@bcp.psych.ualberta.ca ) 
Departmen t  o f  Psychology ;  Universit y o f  Albert a 

Edmonton ,  Alberta ,  C A N A D A T 6 G 2 E 9 

Michael R.W. Dawson (inike@bcp.psych.ualberta.ca) 
Departmen t  o f  Psychology ,  Universit y o f  Albert a 

Edmonton ,  Alberta ,  C A N A D A T 6 G 2 E 9 

Abstrac t 

PDP networks that use nonmonotonic activation functions 
ofte n produc e hidde n uni t  regularitie s tha t  permi t  th e interna l 
strucnir e o f  thes e network s t o b e interprete d (Berkele y e t  al , 
1995 ;  Dawson ,  1998 ;  McCaughan ,  1997) .  I n som e cases , 
thes e regularitie s ar e associate d wit h loca l  interpretation s 
(Dawson ,  Medle r  &  Berkeley ,  1997) .  Berkele y ha s use d thi s 
observatio n t o sugges t  tha t  ther e ar e fewe r  difference s be -
twee n symbol s an d subsymbol s tha n on e migh t  expec t 
(Berkeley ,  1997) .  W e sugges t  belo w tha t  thi s kin d o f  conclu -
sio n i s premature ,  becaus e i t  ignore s th e fac t  tha t  regardles s 
of  thei r  content ,  th e loca l  feature s o f  thes e network s ar e no t 
combine d symbolically .  W e illustrat e thi s poin t  wit h th e in -
terpretatio n o f  a  networ k traine d o n a  varian t  o f  Hinton' s 
(1986 )  kinshi p problem ,  an d sho w ho w th e network' s be -
havio r  depend s o n th e coars e codin g o f  informatio n repre -
sente d b y hidde n uni t  bands ,  eve n whe n thes e band s hav e lo -
cal  interpretations .  W e conclud e tha t  nonmonotoni c P D P 
network s actuall y provid e a n excellen t  exampl e o f  th e differ -
ence s betwee n symboli c an d subsymboli c processing . 

Introduction 

Network s o f  valu e unit s ar e a  P D P architectur e whos e 
processor s us e a  Gaussia n activatio n function ,  an d whos e 
connectio n weight s ar e traine d usin g a  variatio n o f  th e gen -
eralize d delt a rul e (Dawso n &  Schopflocher ,  1992) . 

One propert y tha t  emerge s fro m thi s P D P architectur e i s a 
marke d "banding "  o f  it s  hidde n uni t  activitie s (Berkele y e t 
al. ,  1995 ;  Dawson ,  1998 ;  D a w s o n e t  al. ,  1997) .  Thi s band -
in g i s reveale d whe n th e response s o f  hidde n unit s t o eac h 
of  a  se t  o f  trainin g pattern s ar e plotte d i n a  typ e o f  one -
dimensiona l  scatte r  plo t  calle d a  jittere d densit y plo t 
(Chambers ,  Cleveland ,  Kleiner ,  &  Tukey ,  1983) .  O n e jit -
tere d densit y plo t  i s  draw n fo r  eac h hidde n uni t  i n a  net -
work .  Fo r  eac h patter n i n a  trainin g set ,  a  do t  i s adde d t o 
th e densit y plot .  Th e x-positio n o f  th e do t  indicate s th e ac -
tivit y produce d i n tha t  hidde n uni t  b y a n inpu t  pattern .  Th e 
y-positio n o f  th e do t  i s  randoml y selecte d t o reduc e th e 
overla p o f  differen t  points .  Fo r  th e hidde n unit s o f  a  valu e 
uni t  network ,  th e dot s i n a  jittere d densit y plo t  ar e no t 
"smeared "  uniforml y acros s th e graph .  Instead ,  th e plo t  i s 
typicall y organize d int o a  se t  o f  distinc t  band s o r  stripe s (se e 
Figur e 1) . 

Thi s bandin g phenomeno n i s  important ,  becaus e th e 
band s ofte n enabl e a  researche r  t o determin e th e algorith m 
tha t  i s use d b y a  traine d networ k t o accomplis h a  particula r 

patter n recognitio n task .  Trainin g pattern s tha t  fal l  int o th e 
same ban d i n a  hidde n uni t  d o s o becaus e the y shar e on e o r 
mor e properties ,  calle d definit e feature s (Berkele y e t  al. , 
1995) .  B y identifyin g th e definit e feature s i n a  laye r  o f  hid -
de n units ,  an d b y determinin g h o w the y ar e combine d b y a 
laye r  o f  outpu t  units ,  on e ca n specif y i n grea t  detai l  h o w a 
networ k o f  valu e unit s accomplishe s a  mappin g fro m input s 
t o outputs . 

For  example ,  a  networ k o f  valu e unit s ha s bee n traine d o n 
a se t  o f  logica l  problem s devise d b y Bechte l  an d Abraham -
se n (1991) .  W h e n thi s networ k wa s analyzed ,  it s hidde n 
unit s wer e highl y banded ,  an d band s wer e associate d wit h 
specifi c  loca l  feature s (e.g. ,  typ e o f  logica l  connective ,  rela -
tion s amon g variable s i n th e logi c problems) .  Th e networ k 
combine d thes e loca l  feature s i n suc h a  w a y tha t  it s interna l 
structur e represente d m a n y o f  th e traditiona l  rule s o f  logic , 
suc h a s modu s ponen s (Dawso n e t  al. ,  1997) . 
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Figur e 1 .  Jittere d densit y plot s fo r  th e kinshi p networ k 
describe d below .  Eac h plo t  i s fo r  on e o f  th e 6  hidde n 

unit s i n tha t  network .  Eac h plo t  i s comprise d fro m 31 2 
differen t  points ,  whic h ar e organize d int o distinc t 

band s fo r  eac h hidde n uni t 
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B a n d s ,  S y m b o l s ,  A n d S u b s y m b o l s 

O ne majo r  debat e i n cognitiv e scienc e concern s potentia l 
difference s (an d similarities )  betwee n symboli c model s an d 
connectionis t  network s (Dawson .  1998) .  Fo r  example , 
Smolensk y ha s argue d that ,  i n contras t  t o symboli c theories , 
P DP network s ar e subsymboli c (Smolensky ,  1988) .  T o sa y 
tha t  a  networ k i s subsymboli c i s t o sa y tha t  th e activatio n 
value s o f  it s  individua l  hidde n unit s d o no t  represen t  inter -
pretabl e feature s tha t  coul d b e represente d a s individua l 
symbols .  Instead ,  eac h hidde n uni t  i s  viewe d a s indicatin g 
th e presenc e o f  amicrofeature .  Individually ,  a  microfeatur c 
i s unintelligible ,  becaus e it s "interpretation "  depend s cru -
ciall y upo n it s contex t  (i.e. ,  th e se t  o f  othe r  microfeature s 
whic h ar e simultaneousl y presen t  (Clark ,  1993)) .  However , 
a collectio n o f  microfeature s represente d b y a  numbe r  o f 
differen t  hidde n unit s ca n represen t  a  concep t  tha t  coul d b e 
represente d b y a  symbo l  i n a  classica l  model . 

I t  ha s recentl y bee n argue d tha t  th e bandin g phenomeno n 
foun d i n valu e unit s i s relevan t  t o understandin g th e sub -
symboli c natur e o f  P D P network s (Berkeley ,  1997) .  Thi s 
argumen t  i s base d o n a n interpretatio n o f  a  networ k traine d 
t o solv e th e logi c proble m (se e als o D a w s o n e t  al. ,  1997) . 
Berkele y note d tha t  th e band s i n th e logi c networ k ar e asso -
ciate d wit h a  loca l  interpretatio n (e.g. ,  som e band s represen t 
whic h connectiv e i s presen t  i n a  stimulu s problem ,  whil e 
othe r  band s represen t  relationship s betwee n specifi c  vari -
able s i n a  stimulu s problem ,  suc h a s "Sentenc e 1  variabl e 2 
i s equa l  t o th e variabl e i n th e conclusion") .  Berkele y als o 
note d h o w suc h loca l  feature s becom e interpretabl e (a s 
symbols )  onl y afte r  considerin g a  collectio n o f  individua l 
hidde n uni t  activation s (i.e. ,  a  collectio n o f  individua l  dot s 
whic h i n tur n produc e a  ban d o f  th e sor t  depicte d i n Figur e 
1) .  Berkele y conclude d tha t  th e fac t  tha t  th e band s i n thi s 
networ k coul d b e construe d a s bein g symbol s unde r  a  lib -
era l  interpretatio n o f  th e ter m (Ver a &  Simon ,  1993) ,  an d 
suggeste d tha t  th e difference s betwee n symbol s an d sub -
symbol s wa s smalle r  tha n on e woul d believ e fro m th e extan t 
literature . 

Unfortunately ,  thi s conclusio n i s premature .  Thi s i s be -
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spe c 11 i c componen t  o f  th e logi c problem ,  alon g th e line s 
explore d b y Ver a an d Simon ,  1993 )  ar e actuall y rarel y see n 
i n valu e uni t  networks .  W h e n mos t  othe r  example s o f  suc h 
network s ar e interprete d wit h th e bandin g technique ,  w e 
fin d tha t  individua l  band s d o no t  typicall y denot e entitie s 
tha t  woul d b e represente d a s symbol s i n a  classica l  theory . 
Instead ,  th e band s themselve s see m muc h mor e aki n t o sub -
symbols ,  an d th e "symbolic "  interpretatio n o f  a  network' s 
interna l  structur e onl y emerge s afte r  considerin g combina -
tion s o f  band s distribute d ove r  a  numbe r  o f  differen t  hidde n 
units .  Furthermore ,  eve n whe n th e representation s a t  th e 
leve l  o f  hidde n unit s ar e loca l  (e.g. ,  i n th e logi c network , 
when individua l  band s o f  activit y coul d b e assigne d loca l 
interpretation ,  an d a s a  resul t  eac h hidde n uni t  represente d a 
collectio n o f  differen t  loca l  features) ,  thes e loca l  feature s 
ar e no t  combine d int o a  mor e globa l  respons e usin g sym -
boli c operations . 

T o illustrat e thes e points ,  le t  u s conside r  th e interpretatio n 
of  a  differen t  valu e uni t  network ,  on e whic h ha s bee n 
traine d t o solv e a  variatio n o f  a  kinshi p proble m originall y 
reporte d b y Hinto n (1986 )  i n th e contex t  o f  interpretin g 
interna l  networ k representations . 

Simulation 

P r o b l e m Representat io n 

I n Hinton' s kinshi p proble m (Hinton ,  1986) ,  a  networ k 
was give n a n individual' s nam e an d a  relationshi p (e.g. , 
"James ,  father") .  Thi s inpu t  represente d a  questio n abou t  a 
perso n (i.e. ,  " W h o i s James '  father?") .  Th e network' s tas k 
was t o generat e th e nam e o r  name s representin g th e correc t 
answe r  t o th e questio n (i.e. ,  "Andrew") . 

I n Hinton' s origina l  versio n o f  th e problem ,  a  networ k 
was traine d o n 10 0 o f  th e 10 4 possibl e relationship s i n tw o 
differen t  famil y tree s o f  identica l  structur e (i.e. ,  th e structur e 
illustrate d i n Figur e 2) .  I n ou r  versio n o f  thi s problem ,  w e 
use d si x differen t  version s o f  thi s famil y tre e (i.e. ,  si x dif -
feren t  familie s wit h th e identica l  famil y tre e structure) , 
trainin g th e networ k o n 5 2 relationship s i n eac h tree ,  fo r  a 
tota l  o f  31 2 instances . 
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Figur e 2 .  O n e o f  th e 6  famil y tree s modele d afte r  Hinto n (1986) .  Th e 9  bit s a t  eac h nod e represen t  th e binar y cod e 
use d t o represen t  a n individua l  i n th e network .  Th e to p 3  represen t  th e family ,  th e nex t  thre e represen t  gende r  (whit e 
bit )  an d generatio n (gra y bits) ,  an d th e botto m 3  represen t  a  cod e t o distinguis h individual s o f  th e sam e generatio n (se e 
tex t  fo r  mor e details) . 

caus e th e "symbolic "  natur e o f  th e band s i n th e logi c net -
wor k (i.e. ,  a  loca l  interpretatio n denotin g o r  representin g a 

Th e networ k ha d 2 1 inpu t  units .  Th e firs t  9  represente d a 
person' s nam e usin g th e followin g codin g scheme :  Th e first 
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thre e bit s indicate d whic h o f  th e si x familie s th e individua l 
belonge d t o (00 1 =  famil y 1,01 0 =  famil y 2 ,  01 1 =  famil y 
3,  10 0 =  famil y 4 .  10 1 =  famil y 5 ,  11 0 =  famil y  6) .  Th e 
fourt h bi t  indicate d whethe r  th e individua l  wa s mal e (acliv -
it y =  1 )  o r  femal e (activit y -  0) .  Th e fift h an d sixt h bit s 
indicate d th e generatio n withi n th e famil y tre e t o whic h th e 
perso n belonge d (0 1 =  firs t  generation ,  1 0 =  secon d genera -
tion ,  1 1 =  thir d generation) .  Th e seventh ,  eighth ,  an d nint h 
bit s wer e loca l  code s that ,  i n combinatio n wit h gende r  bi t  4 , 
individuate d differen t  peopl e belongin g t o th e sam e genera -
tio n o f  th e famil y tre e (se e Figur e 2) .  Th e advantag e o f  th e 
loca l  cod e i n thes e fina l  bit s i s tha t  th e networ k coul d gener -
at e tw o name s b y turnin g tw o o f  thes e bit s on ,  whic h i s nec -
essar y whe n aske d t o nam e th e aunt s o r  uncle s o f  Genera -
tio n 3  children . 

The remainin g 1 2 inpu t  unit s o f  th e networ k represente d 
a relationshi p usin g Hinton' s loca l  codin g schem e (Hinton , 
1986) .  A  relationshi p wa s encode d b y turnin g on e o f  thes e 
12 unit s o n an d b y turnin g th e othe r  1 1 off .  I n orde r  fro m 
inpu t  uni t  1 0 t o inpu t  uni t  2 1 th e represente d relation s wer e 
nephew,  niece ,  aunt ,  uncle ,  brother ,  sister ,  father ,  mother , 
daughter ,  son ,  wife ,  an d husband . 

The networ k ha d 6  hidde n unit s an d 9  outpu t  units ,  al l  o f 
whic h wer e valu e units .  Th e 9  outpu t  unit s encode d a n in -
dividual' s nam e usin g th e sam e codin g schem e tha t  wa s 
use d t o represen t  name s i n th e inpu t  units . 

I n eac h famil y tree ,  ther e i s a  tota l  o f  5 2 differen t  rela -
tionship s tha t  ca n b e querie d ( 4 nephew ,  4  niece ,  2  aunt ,  2 
uncle ,  3  brother ,  3  sister ,  6  father ,  6  mother ,  6  daughter ,  6 
son ,  5  wife ,  5  husband) .  Not e tha t  ther e ar e onl y 2  aun t  an d 
2 uncl e querie s becaus e eac h o f  thes e querie s result s i n th e 
networ k generatin g a  n a m e outpu t  tha t  represent s tw o dif -
feren t  individual s b y turnin g tw o o f  th e "loca l  bits "  on . 
Becaus e w e traine d th e networ k o n thes e 5 2 relationship s 
fo r  6  differen t  famil y tree s ther e wa s a  tota l  o f  31 2 pattern s 
i n th e trainin g set . 

Network Training 

The networ k biase s an d connection s wer e randoml y se -
lecte d fro m th e rang e [-0.1,0.1] ,  an d th e networ k wa s 
traine d usin g a  variatio n o f  th e generalize d delt a rul e devel -
oped fo r  valu e uni t  network s (Dawso n &  Schopflocher , 
1992 )  wit h a  learnin g rat e o f  0.00 1 an d a  m o m e n t u m o f  0 . 
Connectio n weight s an d biase s wer e update d afte r  ever y 
patter n presentation .  Durin g on e swee p o f  training ,  eac h o f 
th e 31 2 trainin g pattern s wa s presente d t o th e network .  Th e 
orde r  o f  patter n presentatio n wa s randomize d befor e ever y 
sweep. 

The networ k wa s sai d t o hav e converge d o n a  solutio n t o 
th e proble m whe n a  "hit "  wa s recorde d fo r  th e outpu t  uni t 
fo r  ever y patter n presente d durin g th e epoch .  A  "hit "  wa s 
define d a s outpu t  uni t  activit y o f  0. 9 o r  greate r  whe n th e 
desire d outpu t  wa s 1.0 ,  o r  a s outpu t  uni t  activit y o f  0. 1 o r 
les s whe n th e desire d outpu t  wa s 0.0 .  Convergenc e wa s 
achieve d afte r  273 4 sweeps . 

Resu l t s 

N e t w o r k Interpretatio n 

Th e jittere d densit y plot s tha t  wer e presente d i n Figur e 1 
wer e actuall y plot s fo r  eac h o f  th e 6  hidde n unit s i n th e con -
verge d kinshi p network .  I t  i s  apparen t  fro m thes e diagram s 
tha t  ther e i s marke d bandin g i n al l  si x o f  thes e units .  Th e 
interpretatio n o f  thes e band s wa s accomplishe d b y usin g 
descriptiv e statistic s t o identif y th e definit e unar y an d bi -
nar y feature s i n eac h o f  thes e band s i n accordanc e wit h pre -
viousl y publishe d method s (Berkele y e t  al. ,  1995) .  Th e 
interpretation s o f  th e definit e feature s tha t  wer e foun d ar e 
presente d i n Tabl e 1 . 

Fro m Tabl e 1 ,  i t  ca n b e see n tha t  tw o o f  th e hidde n unit s 
ar e completel y devote d t o representin g whic h o f  th e si x 
possibl e famil y tree s i s bein g queried .  Eac h o f  th e si x band s 
observe d i n hidde n uni t  0  i s compose d o f  stimulu s question s 
abou t  onl y on e o f  th e si x families .  Fo r  example .  Ban d A 
contain s al l  o f  th e question s abou t  famil y 3  (se e Tabl e 1  fo r 
mor e details) .  Similarly ,  eac h non-zer o ban d i n Hidde n uni t 
4 contain s question s abou t  a  specifi c  family . 

Th e network' s discover y tha t  som e o f  th e inpu t  bit s corre -
spon d t o famil y nam e i s important ,  becaus e th e remainin g 
hidde n unit s ca n b e use d t o represen t  regularitie s withi n th e 
famil y tre e structure .  Thes e regularitie s ca n b e applie d t o 
al l  si x o f  th e famil y trees .  Therefore ,  th e regularitie s repre -
sente d i n th e band s o f  th e remainin g fou r  hidde n unit s ig -
nor e th e firs t  thre e bit s o f  an y inpu t  name .  Tabl e 1  indicate s 
tha t  al l  fou r  o f  th e remainin g hidde n unit s hav e band s asso -
ciate d wit h specifi c  definit e features ,  al l  o f  whic h pertai n t o 
structur e withi n th e famil y tree ,  an d whic h ignor e th e famil y 
feature . 

Give n th e Tabl e 1  accoun t  o f  th e band s fo r  th e hidde n 
unit s i n thi s network ,  h o w doe s i t  solv e th e kinshi p prob -
lem ? Qualitativel y speaking ,  th e network' s algorith m ap -
pear s t o involv e tw o differen t  tasks .  W h e n aske d a  questio n 
lik e " W h o i s perso n X' s mother?" ,  th e networ k use s tw o o f 
it s  hidde n unit s (i.e. ,  unit s 0  an d 4 )  t o identif y th e famil y 
name tha t  i s  require d i n th e answer ,  an d t o writ e thi s famil y 
name int o th e firs t  thre e outpu t  unit s b y activatin g the m 
appropriately .  Ther e doe s no t  appea r  t o b e m u c h o f  a  mys -
ter y abou t  h o w thi s "writing "  i s  done :  hidde n unit s 0  an d 4 
act  a s th e bottlenec k i n a  3-2- 3 encode r  network .  I n suc h a 
network ,  th e value s o f  3  inpu t  unit s ar e compresse d int o a 
2-hidde n uni t  representation ;  th e hidde n uni t  activit y i s the n 
uncompresse d t o produc e a  cop y o f  th e inpu t  bit s int o th e 3 
outpu t  units . 

Th e secon d tas k fo r  th e networ k i s t o identif y th e individ -
ual' s  name ,  an d t o "write "  thi s int o th e remainin g si x outpu t 
units .  H o w thi s tas k i s accomplishe d i s m u c h mor e myste -
rious ,  though ,  becaus e th e kin d o f  definit e feature s liste d i n 
Tabl e 1  appea r  t o refe r  t o group s o f  people ,  an d d o no t  refe r 
t o individuals .  H o w doe s th e networ k utilis e thes e genera l 
feature s t o represen t  th e identit y o f  th e individua l  whos e 
name i s t o b e "written "  int o th e outpu t  units ? 

Th e answe r  t o thi s questio n i s tha t  th e networ k use s 
coars e codin g t o represen t  individual s (o r  mor e specifically , 
particula r  node s i n th e famil y tree )  usin g th e Tabl e 1  fea -
tures .  I n general ,  coars e codin g mean s tha t  a n individua l 
processo r  i s sensitiv e t o a  broa d rang e o f  features ,  o r  a t  leas t 
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Tabl e I :  Definit e feature s fo r  eac h ban d i n eac h hidde n unit .  Besid e eac h ban d labe l  i s  th e numbe r  o f  pattern s tha t 

belon g t o tha t  band .  Ke y fo r  definit e features :  V  =  father ,  M =  mother ,  B  =  brother ,  S r  =  sister ,  S n =  son ,  D  = 

Daughter ,  W =  wife ,  H  =  husband ,  N c =  niece ,  N p =  nephew ,  U  =  uncle ,  A  =  aunt ,  G  =  generation ,  P  =  person ,  F G = 

femal e o f  generation ,  M G =  mal e o f  generation . 

UNIT 
Hidde n 

Uni t 
0 

Hidde n 
Uni t 

1 

Hidde n 
Uni t 

2 

Hidde n 
Uni t 

3 

Hidde n 
Uni t 

4 

Hidde n 
Uni t 

5 

BAND 
A N = 52 
BN=52 
C N = 52 
DN=52 
EN=52 
FN=52 
AN=I5 6 
BN=J6 
CN=18 
DN=24 
EN=30 

FN=I 2 
GN=36 
A N=24 0 
BN=12 
CN=24 

DN=12 
EN=24 
AN=66 
BN=96 
CN=24 
DN=36 
EN=6 
EN=24 
GN=60 
AN=I5 6 
BN=52 
CN=52 
DN=52 
A N=15 6 
BN=72 
CN=12 
DN=6 
EN=I2 
FN=24 
GN=6 
HN=J2 
\N=I 2 

DEFINIT E FEATURES 
[•ainil y  . 1 
Famil y 1 
Famil y 2 
Famil y 5 
Famil y 6 
Famil y 4 
Not  A  an d No t  U 
(SnofGO l  POOI)or(AorUofGl l  P()OI ) 
(HofFG10P00l)or(WofMG10P(K)l)or(BofFG10P010 ) 
(DofGO l  P00l)or(SrofG10P001)or(BofG10P100 ) 
( D o f  GOl  POlO )  o r  (S r  o r  W o r  H  o f  GI O POlO )  o r  (S r  o r  W o r 
HofGIOPlOO ) 
Snofa) l  POl O 
( F o r  M o r  W o r  H  o f  GI O POlO )  o r  ( F o r  M o f  G l  1  POOl 
No definit e feature s 
(MofFGlOPOlO)or(FofFGlOPOlO ) 
(HofFGO l  P001)or(WofMG0 1 POOl )  or( M orFo f  MGI O 
POOl) 
(Fo f  FGI O PlOO )  or( M o f  FGI O PIOO ) 
( H o r  W o f  GOl  POlO )  o r  ( F o r  M o f  GI O POlO ) 
Not  N p an d No t  N c an d No t  U  an d No t  S n 
Np o r  N c o r  B  o r  S r  o r  D 
(SnofGO l  POOl )  o r  (S n o f  GI O POlO ) 
(WorHofGO l  POlO )  o r  (Fo r  M o f  GI O POlO ) 
B o f  FGI O POl O 
(SnofGO l  POlO )  o r  ( W o r  H  o f  GI O POOl ) 
(Fo r  M o r  W o r  H  o f  POOl )  o r  ( F o r  M o r  W o r  H  o f  POlO ) 
Famil y 2  o r  Famil y 3  o r  Famil y 4 
Famil y 1 
Famil y 6 
Famil y 5 
Np o r  U  o r  B  o r  F  o r  S n o r  H 
Nc o r  S r  o r  D  o r  W 
DofGOl  POl O 
Sr  o f  MGI O POl O 
(WofMGOl  POOl )  o r  ( W o f  M G POlO ) 
(MofGlOPOOl)or(MofGl l  POOl )  o r  ( M o f  GOl  PKK) ) 
W o f M G Ol  POl O 
M o f  GOl  POl O 
A o f  Gi l  POOl 
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t o a  broa d rang e o f  value s o f  a n individua l  featur e (e.g. , 
Churchlan d &  Sejnowski ,  1992 ,  pp .  178-179) .  A s a  result , 
individua l  processor s ar e no t  particularl y usefu l  o r  accurat e 
featur e detectors .  However ,  i f  differen t  processor s hav e 
overlappin g sensitivities ,  the n thei r  output s ca n b e pooled , 
whic h ca n resul t  i n a  highl y usefu l  an d accurat e representa -
tio n o f  a  specifi c  feature .  Indeed ,  th e poolin g o f  activitie s 
of  coarse-code d neuron s i s th e generall y accepte d accoun t 
of  hyperacuity ,  i n whic h th e accurac y o f  a  perceptua l  sys -
te m i s substantiall y  greate r  tha n th e accurac y o f  an y o f  it s 
individua l  component s (e.g. ,  Churchlan d &  Sejnowski , 
1992 ,  pp .  221-233) . 

I n th e traine d kinshi p network ,  eac h o f  th e fou r  hidde n 
unit s tha t  i s  no t  involve d i n representin g a  particula r  famil y 
tre e i s instea d involve d wit h th e coars e codin g o f  a  particu -
la r  nod e withi n a  famil y tree .  Th e networ k ca n pic k ou t  a n 
individua l  nod e i n th e famil y tre e b y poolin g (o r  combining , 
or  intersecting )  th e coars e code d representatio n o f  th e fou r 
hidde n units . 

To illustrat e this ,  le t  u s imagin e tha t  fo r  an y on e o f  th e 
famil y trees ,  w e aske d th e networ k " W h o i s th e fathe r  o f  th e 
femal e Perso n 2  Generatio n 2 ? "  (e.g. ,  fo r  th e famil y tre e 
give n i n Figur e 2 ,  th e networ k woul d b e aske d " W h o i s 
Victoria' s father?") .  Ignorin g hidde n unit s 0  an d 4  (whic h 
ar e concerne d wit h pickin g ou t  famil y trees ,  an d no t  con -
cerne d wit h pickin g ou t  relation s withi n th e tre e structure) , 
thi s quer y wil l  produc e activit y tha t  fall s  i n Ban d A  o f  hid -
den uni t  1 ,  Ban d B  o f  hidde n uni t  2 ,  Ban d D  o f  hidde n uni t 
3,  an d Ban d A  o f  hidde n uni t  5 . 

Importantly ,  non e o f  thes e band s pick s ou t  a n individua l 
node i n th e famil y tre e b y itself ,  a s i s reveale d i n Tabl e 1 . 
Hidde n uni t  1  Ban d A  pick s ou t  15 6 differen t  individual s 
(acros s famil y trees )  w h o ar e no t  aunt s an d no t  uncles . 
Hidde n uni t  2  Ban d B  pick s ou t  1 2 differen t  individual s 
who ar e eithe r  th e mothe r  o r  th e fathe r  o f  th e femal e perso n 
010 i n th e secon d generation .  Hidde n uni t  3  Ban d D  pick s 
out  th e 3 6 differen t  individual s w h o ar e th e wif e o r  husban d 
of  perso n QI C i n generatio n 1 ,  o r  w h o ar e th e fathe r  o r 
mothe r  o f  perso n 01 0 i n generatio n 2 .  Ban d A  o f  hidde n 
uni t  5  pick s ou t  th e 15 6 differen t  individual s w h o ar e eithe r 
nephews ,  uncles ,  brothers ,  fathers ,  sons ,  o r  husband s (i.e. , 
any individua l  w h o i s  male) . 

Whil e non e o f  th e band s b y themselve s pic k ou t  a n indi -
vidual ,  th e intersectio n o f  th e node s picke d ou t  b y eac h o f 
thes e fou r  band s select s th e appropriat e individua l  withi n 
th e famil y tree :  th e onl y nod e pointe d t o b y ever y on e o f 
thes e band s i s th e mal e Perso n 1  i n Generatio n 1 .  Thi s i s 
th e essenc e o f  coars e codin g — th e overla p o f  th e receptiv e 
field s o f  broadl y tune d detector s ca n b e use d t o represen t 
finel y detaile d information . 

Likewise ,  w e coul d as k th e networ k a  ver y simila r  ques -
tion :  "Wh o i s th e mothe r  o f  th e femal e Perso n 2  Generatio n 
2 T Thi s questio n wil l  produc e th e identica l  ban d activit y i n 
th e networ k a s wa s produce d i n th e previou s example ,  wit h 
one exception :  i t  wil l  produc e activit y i n hidde n uni t  5  tha t 
fall s  i n Ban d H ,  an d no t  i n Ban d A .  Becaus e o f  thi s change , 
th e resul t  o f  intersectin g th e subset s o f  node s pointe d t o b y 
al l  th e band s changes :  now ,  th e onl y nod e pointe d t o b y al l 
of  th e band s i s th e femal e Perso n 1  i n Generatio n 1 . 

Finally ,  le t  us  conside r  th e tw o hidde n unit s tha t  detec t 
whic h o f  th e 6  famil y tree s i s bein g queried .  A s wa s note d 
earlier ,  an d a s ca n b e observe d i n Tabl e 1 ,  th e band s fo r 
bot h o f  thes e unit s hav e ver y specifi c  loca l  interpretations . 
However ,  i t  i s  importan t  t o realiz e tha t  thei r  activitie s mus t 
als o b e poole d i n orde r  t o "write "  th e correc t  famil y nam e 
int o th e appropriat e outpu t  units .  Fo r  instance ,  whe n a  net -
wor k i s aske d abou t  a  relationshi p fo r  a  perso n i n Famil y 5 , 
thi s wil l  produc e activit y tha t  fall s  i n Ban d D  o f  hidde n uni t 
0 an d tha t  fall s  i n Ban d D  o f  hidde n uni t  4 .  Bot h o f  thes e 
band s mus t  b e activ e fo r  th e correc t  famil y outpu t  t o b e gen -
erated .  Fo r  instance ,  i f  hidde n uni t  0  wa s ablate d fro m th e 
network ,  an d th e networ k wa s aske d a  questio n abou t  Famil y 
5,  th e activit y o f  hidde n uni t  4  b y itsel f  woul d no t  produc e 
th e correc t  outpu t  i n th e network ,  eve n thoug h th e loca l  in -
terpretatio n o f  hidde n uni t  4' s activit y i s "Famil y 5" .  Fo r 
th e network ,  th e complet e representatio n o f  famil y i s a  resul t 
of  a  distribute d representatio n -  a  combinatio n o f  hidde n 
uni t  0  an d hidde n uni t  4  activities . 

Discussion 

Accordin g t o Smolensk y (1988) ,  subsymbol s ar e con -
stituent s o f  traditiona l  symbols .  "Entitie s tha t  ar e typicall y 
represente d i n th e symboli c paradig m ar e typicall y repre -
sente d i n th e subsymboli c paradig m b y a  larg e numbe r  o f 
subsymbols "  (p .  3) .  A s a  result ,  "  i t  i s  ofte n importan t  t o 
analyz e connectionis t  model s a t  a  highe r  level ;  t o amalga -
mate ,  s o t o speak ,  th e subsymbol s int o symbols" . 

Th e analysi s o f  th e kinshi p networ k tha t  wa s reporte d 
abov e i s completel y consisten t  wit h thi s view .  T o summa -
riz e thi s analysis ,  th e followin g discoverie s wer e made . 
First ,  th e jittere d densit y plot s reveale d a  grea t  dea l  o f 
structur e (i.e. ,  bands) .  Second ,  th e definit e feature s o f  mos t 
of  thes e band s di d no t  correspon d t o a  particula r  loca l  con -
cep t  (e.g. ,  a n individual' s name ,  o r  th e nam e o f  a  particula r 
relationship) .  Instead ,  th e band s usuall y corresponde d t o 
disjunction s o f  genera l  feature s tha t  picke d ou t  set s o f  indi -
vidual s (e.g. .  Hidde n Uni t  3  Ban d D ) ,  o r  i n som e case s a 
singl e featur e share d b y a  larg e numbe r  o f  individual s (e.g. . 
Hidde n Uni t  5  Ban d A' s detectio n o f  "male") .  Third ,  a n 
accoun t  o f  h o w th e networ k use s suc h broadl y tune d repre -
sentation s t o identif y particula r  individual s relie s o n th e no -
tio n o f  coars e coding .  Specifically ,  th e intersectio n o f  th e 
set s o f  individual s represente d i n al l  o f  th e band s i n whic h 
th e activit y o f  a n inpu t  patter n fall s  pick s ou t  a  singl e indi -
vidual ,  permittin g th e networ k t o correctl y respon d t o a n 
inpu t  question .  I n short ,  th e band s illustrate d i n Figur e 1 
appea r  t o b e actin g a s subsymbols ,  an d th e "symbolic "  be -
havio r  o f  th e networ k (i.e. ,  it s  generatio n o f  a n individual' s 
name i n it s outpu t  units )  depend s upo n th e abilit y  o f  th e out -
put  unit s t o combin e -  t o intersec t  ~  th e subsymboli c repre -
sentations . 

Result s lik e thes e ar e relevan t  t o th e compariso n betwee n 
classica l  an d connectionis t  architectures .  Conside r  a  recen t 
attemp t  t o incorporat e situate d actio n theorie s (includin g 
connectionism )  int o classica l  cognitiv e science .  Ver a an d 
Simo n (1993 )  argue d tha t  an y situation-actio n pairin g ca n 
be represente d eithe r  a s a  singl e productio n i n a  productio n 
system ,  o r  (fo r  complicate d situations )  a s a  se t  o f  produc -
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tions .  "Production s provid e a n essentiall y  neutra l  languag e 
fo r  describin g th e linkage s betwee n informatio n an d actio n 
at  an y desire d (sufficientl y high )  leve l  o f  aggregation "  (p . 
42) . 

Green o an d Moor e (1993 )  tak e th e middl e roa d i n thei r 
analysi s o f  A L V I N N ,  suggestin g tha t  "som e o f  th e proc -
esse s ar e symboli c an d som e ar e not "  (p .  54) .  Disagree -
ment s abou t  wha t  count s a s a  symbo l  ar e cleiû l y  a t  th e hear t 
of  th e debat e tha t  Ver a an d Simo n initiate d (Ver a &  Simon , 
1994) . 

Th e proble m wit h Ver a an d Simon' s notio n o f  wha t  de -
fme s a  symbo l  i s tha t  i t  focuse s exclusivel y o n th e conten t 
tha t  th e symbo l  represents ,  an d ignore s th e operation s tha t 
ar e use d t o manipulat e thi s informatio n (e.g .  symboli c con -
catenation ,  o r  th e parsin g o f  a  strin g int o symboli c constitu -
ents) .  Th e definitio n o f  a  subsymbo l  i n Smolensky' s (1988 ) 
term s no t  onl y depend s o n conten t  (i.e. ,  wha t  subsymbol s 
migh t  represent) ,  bu t  als o upo n th e mechanism s fo r  proc -
essin g thi s content .  Smolensk y (p.3 )  note s tha t  network s 
"participat e i n numerica l  no t  symboli c -  computation. " 
Similarly ,  Fodo r  an d Pylyshy n (1988 )  hav e pointe d ou t  tha t 
"eve n o n th e assumptio n tha t  concept s ar e distribute d ove r 
microfeatures ,  ' + has-a-handle '  i s  no t  a  constituen t  o f  C U P 
i n anythin g lik e th e sens e tha t  'Mary '  (th e word )  i s a  con -
stituen t  o f  (th e sentence )  'Joh n love s Mary' "  (p .  21) .  Thi s i s 
exactl y th e positio n o f  connectionis t  critic s wh o believ e tha t 
Ver a an d Simon' s (1993 )  definitio n o f  "symbol "  i s  to o lib -
eral .  Fo r  example ,  Touretzk y an d Pomerlea u (1994 )  argu e 
agains t  Ver a an d Simon' s symboli c reconstrua l  o f  a  par -
ticula r  network ,  A L V E W ,  b y notin g tha t  it s interna l  fea -
ture s "ar e no t  arbitraril y  shape d symbols ,  an d the y ar e no t 
combinatorial .  It s hidde n uni t  featur e detector s ar e tune d 
filters"  (p .  348) .  (Bu t  fo r  response s t o thi s view ,  se e als o 
Green o &  Moore ,  1993 ;  Ver a &  Simon ,  1994) . 

The coars e codin g interpretatio n o f  th e kinshi p networ k i s 
a cas e stud y i n th e nonsymboli c processin g o f  subsymbols , 
and thu s illustrate s a n importan t  differenc e betwee n sub -
symboli c an d symboli c accounts .  Importantly ,  thi s proc -
essin g differenc e hold s U^ e fo r  valu e uni t  network s eve n 
when th e conten t  associate d wit h band s i s loca l  (i.e. ,  th e 
famil y unit s discusse d above ,  o r  th e unit s o f  th e logi c net -
wor k discusse d b y (Dawso n e t  al. ,  1997)) .  W h e n Berkele y 
use d valu e uni t  band s t o argu e fo r  similaritie s betwee n sym -
bol s an d subsymbols ,  h e mistakenl y focusse d o n th e conten t 
of  th e band s themselve s (Berkeley ,  1997) .  A s w e hav e 
shown above ,  whe n on e consider s valu e uni t  bandin g i n 
term s o f  represente d conten t  a s wel l  a s th e processe s re -
quire d t o exploi t  thi s content ,  valu e uni t  bandin g provide s a n 
excellen t  exampl e o f  Smolensky' s (1988 )  subsymboli c level . 
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