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Abstrac t  * 

We review the logic of neuropsychological inference, 
focusin g o n doubl e dissociation ,  an d presen t  th e result s 
of  a n investigatio n int o th e dissociation s observe d 
when smal l  artificia l  neura l  network s traine d t o 
perfor m tw o task s ar e damaged .  W e the n conside r 
ho w th e dissociation s discovere d migh t  scal e u p fo r 
mor e biologicall y an d psychologicall y realisti c 
networks .  Finally ,  w e examin e th e methodologica l 
implication s o f  thi s wor k fo r  th e cornerston e o f 
cognitiv e neuropsychology :  th e inferenc e from  doubl e 
dissociatio n t o modularit y o f  function . 

1.  In t roduct io n 

Cognitive neuropsychology aims to inform theories of 
norma l  cognitiv e functio n b y lookin g a t  h o w th e 
cognitiv e syste m break s d o w n i n patient s wit h brai n 
damage.  Th e inferenc e from  pattern s o f  breakdow n t o 
norma l  functio n is ,  however ,  notoriousl y difficul t  an d 
suc h inference s depen d o n th e theorie s o f  norma l 
functio n unde r  consideratio n (Gregory ,  1961 ;  Shallice , 
1988 ;  Caramazza ,  1984) .  Th e methodolog y o f 
cognitiv e neuropsycholog y i s  roote d i n "bo x an d 
arrow "  cognitiv e models ,  i n whic h th e architectur e o f 
th e cognitiv e syste m i s specifie d i n ver y broa d terms . 
Pattern s o f  breakdow n ar e assume d t o correspon d t o 
selectiv e damag e t o specifi c  boxe s an d arrows . 
Conversely ,  observe d pattern s o f  defici t  ar e use d t o 
constrai n ho w suc h bo x an d arro w model s shoul d look . 
The augmentatio n o f  th e "bo x an d arrow "  model s wit h 
artificia l  neura l  networ k model s ( A N N s )  o f  a  wid e 
rang e o f  th e cognitiv e processe s tha t  neuropsycholog y 
has studie d thu s pose s th e question :  how ,  i f  a t  all , 
shoul d neuropsychologica l  methodolog y respon d t o 
th e introductio n o f  connectionis t  modellin g 
techniques ? I t  i s  thi s issu e tha t  thi s pape r  addresses . 

We begi n b y considerin g th e logi c o f  cognitiv e 
neuropsychologica l  inferenc e i n quit e absfrac t  terms . 
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and the n concentrat e o n a  specifi c  methodologica l 
principle ,  th e inferenc e from  doubl e dissociatio n ( D D ) 
t o modularit y o f  function .  D D ha s bee n o f  cenfra l 
importanc e becaus e i t  promise s t o allo w th e 
neuropsychologis t  t o m a p ou t  th e structur e o f  th e 
cognitiv e system .  W e revie w pas t  wor k o n th e 
reliabilit y o f  thi s inferenc e fo r  bo x an d arro w model s 
and i n A N N models .  W e the n presen t  a  rang e o f 
simulation s whic h sho w D D s betwee n rul e an d sub -
rul e performanc e i n smal l  feedforwar d A N N s .  Th e 
generalit y o f  thi s wor k i s considere d an d w e sugges t 
tha t  som e type s o f  damag e ca n b e extrapolate d mor e 
confidentl y tha n other s from  lesio n studie s o n smal l 
scal e A N N s t o pattern s o f  breakdow n tha t  ca n b e 
expecte d i n th e brain .  Finally ,  w e examin e th e 
methodologica l  implication s o f  A N N model s fo r 
cognitiv e neuropsychology . 

2 .  T h e logi c o f  neuropsycho log ica l 

inferenc e 

To elucidate the nature of neuropsychological 
inference ,  w e firs t  conside r  th e idea l  condition s fo r 
suc h inference ,  an d the n conside r  wha t  simplifyin g 
assumption s mus t  b e mad e i n practice ,  w h e n suc h 
condition s d o no t  generall y hold . 

I n th e idea l  case ,  prediction s concernin g likel y 
cognitiv e defici t  ca n b e derive d i f  th e cognitiv e syste m 
i s understoo d (i )  i n term s o f  th e computation s bein g 
performed ,  (ii )  h o w thos e computation s ar e 
implemente d i n th e brain ,  an d (iii )  i f  th e damag e 
suffere d i s  know n i n detai l  (se e Caramazza ,  1986 ; 
Shallice ,  198 8 fo r  othe r  discussion s o f  th e logi c o f 
neuropsychologica l  inference) .  Give n thes e 
prerequisites ,  i t  i s  possibl e t o predic t  th e cognitiv e 
deficit s associate d wit h eac h patter n o f  damage , 
compar e thes e prediction s wit h observe d cognitiv e 
deficits ,  an d revis e conjecture s abou t  (i) ,  (ii )  an d (iii ) 
accordingly .  I n cognitiv e neuropsychology ,  interes t 
focuse s o n th e revisio n o f  (i) ,  th e computationa l  theor y 
of  th e cognitiv e system . 

I n practice ,  however ,  knowledg e o f  (i) ,  (ii )  an d 
(iii )  i s  conjectural ,  an d specifie d onl y i n th e broades t 
terms .  Regardin g (i) ,  th e cognitiv e syste m i s  ofte n 
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specifie d onl y a t  th e leve l  o f  larg e scal e architectura l 
organization ,  typicall y i n th e standar d "bo x an d arrow " 
notation .  Recently ,  rathe r  mor e detaile d A N N model s 
hav e als o bee n considered .  Regardin g (ii )  th e neura l 
implementatio n o f  cognitiv e processe s i s generall y no t 
explicitl y  considere d a t  all .  apar t  fro m som e 
consideration s o f  cerebra l  localization ,  largel y becaus e 
detaile d informatio n i s no t  available .  Regardin g (iii) , 
lesion s ca n onl y b e identifie d a t  a  gros s level ,  an d 
damage i s ofte n diffuse .  Sinc e (i) ,  (ii )  an d (iii )  ar e 
know n i n suc h littl e detail ,  direc t  prediction s o f  likel y 
pattern s o f  cognitiv e defici t  canno t  b e derive d an d 
compare d wit h know n neuropsychologica l  deficits . 
H o w,  then ,  ca n neuropsychologica l  dat a constrai n 
cognitiv e theory ? 

A bold ,  bu t  perilous ,  pat h i s t o mak e stron g 
simplifyin g assumption s concernin g (i)-(iii )  i n orde r  t o 
obtai n prediction s concernin g likel y pattern s o f 
damage.  Fo r  "bo x an d arrow "  models ,  th e ke y 
assumptio n i s tha t  brai n damag e selectivel y affect s 
particula r  "boxes "  an d "arrows" ;  furthermore ,  i t  i s 
assume d tha t  impaire d performanc e directl y reflect s 
th e operatio n o f  thi s damage d system ,  an d i s no t 
complicate d b y compensator y cognitiv e strategies .  A 
potentia l  proble m i s tha t  eve n give n thi s assumptio n i t 
may no t  b e clea r  wha t  prediction s ca n b e made ,  unles s 
th e boxe s an d arrow s accoun t  i s specifie d i n detai l 
(Seidenberg ,  1988) .  I n A N N models ,  th e crucia l 
simplifyin g assumptio n i s tha t  brai n damag e ca n b e 
modelle d a s involvin g th e remova l  of ,  o r  disturbanc e 
to ,  particula r  unit s and/o r  weights .  Give n thi s 
assumption ,  i t  i s  possibl e t o deriv e detailed , 
quantitativ e prediction s (e.g .  Patterson .  Seidenber g & 
McCleUand .  1989 ;  Hinto n &  Shallice ,  1989 ;  Plau t  & 
ShaUice ,  1991) . 

I t  i s  no w clea r  ho w neuropsychologica l  dat a ca n 
hel p decid e betwee n alternativ e cognitiv e leve l 
account s T, ,  T2.. .  T„ :  thei r  respectiv e prediction s Pj , 

P2.. .  P n concernin g expecte d pattern s o f  damag e ar e 

derived ,  give n th e necessar y simplifyin g assumptions , 
and compare d wit h neuropsychologica l  dat a D .  Th e 
degre e t o whic h on e theor y T ^  i s favoure d ove r  th e res t 

depend s on :  (1 )  ho w wel l  P ^  matche s D ;  (2 )  ho w wel l 

th e othe r  theorie s predic t  D . 
Below ,  w e concentrat e o n a n aspec t  o f  patien t 

dat a whic h ha s bee n viewe d a s centra l  t o cognitiv e 
neuropsychology :  doubl e dissociation . 

3.  T h e doub l e dissociatio n inferenc e 

The cornerstone of cognitive neuropsychology is the 
inferenc e fro m D D (Teuber ,  1955 )  t o modularit y o f 
function .  T w o task s A  an d B  doubl y dissociat e acros s 
a patien t  populatio n i f  ther e ar e som e patient s wh o 
hav e norma l  o r  nea r  norma l  performanc e o n A ,  bu t 
impaire d performanc e o n B ,  an d other s wit h th e 
revers e defici t  Th e D D inferenc e take s thi s patter n o f 

deficit s t o impl y tha t  A  an d B  canno t  b e subserve d b y 
th e sam e cognitiv e machinery .  Mor e strictly , 
althoug h task s A  an d B  ma y t o som e exten t  dra w o n 
th e sam e aspect s o f  th e cognitiv e system ,  ther e mus t 
be part s specifi c  t o A  an d other s specifi c  t o B ;  i n "bo x 
and arrow "  terms ,  a t  leas t  som e bo x o r  arro w mus t  b e 
specifi c t o eac h o f  A  an d B . 

I n term s o f  th e earlie r  discussion ,  th e validit y o f 
th e inferenc e fro m D D t o a  particula r  theor y T ^  o f  th e 

modula r  organizatio n o f  th e cognitiv e syste m unde r 
stud y depend s o n (1 )  ho w wel l  T ^  p-edict s th e D D ;  (2 ) 

ho w wel l  th e othe r  theorie s predic t  a  D D .  Th e vaUdit y 
of  (1 )  an d (2) ,  an d henc e ho w wel l  D D s ca n 
distinguis h betwee n rival  account s o f  th e functiona l 
organizatio n o f  th e cognitiv e system ,  depend s o n th e 
clas s o f  theorie s T  unde r  consideration .  Le t  u s star t 
by assumin g tha t  T  include s "bo x an d arrow "  models , 
and the n conside r  th e cas e wher e T  als o include s 

A N N S. 

3.1 Boxes and arrows. 

Any "box and arrow" model in which some 
componen t  i s  selectivel y use d fo r  A  an d anothe r  whic h 
i s selectivel y use d fo r  B  ca n predic t  a  D D give n th e 
standar d assumptio n tha t  brai n damag e ca n caus e 
selectiv e damag e t o a  particula r  bo x o r  arrow .  Thu s 
poin t  (1 )  i s  straightforward . 

Poin t  (2) ,  however ,  i s  les s clea r  cut .  Firstly , 
many differen t  modula r  architecture s ca n lea d t o th e 
same D D .  Al l  tha t  i s  require d i s tha t  ther e i s som e 
specifi c  componen t  fo r  eac h task .  Tha t  ther e i s suc h a 
componen t  say s nothin g abou t  it s  function ,  no r  ho w i t 
fits  int o th e res t  o f  cognitiv e system .  Fo r  example ,  i t 
i s  prim a faci e consisten t  wit h th e D D betwee n lon g 
and shor t  ter m memor y tha t  memor y consist s o f  a  ver y 
larg e an d comple x arra y o f  modules ,  al l  share d 
betwee n shor t  an d lon g ter m memory ,  excep t  fo r  two , 
on e o f  whic h ha s som e functio n specifi c  t o 
rememberin g informatio n ove r  lon g period s an d on e 
whic h ha s som e functio n specifi c  t o rememberin g 
informatio n ove r  shor t  periods .  Secondly ,  D D s 
betwee n tw o task s ca n occu r  eve n whe n ther e i s n o 
specifi c  dedicate d modul e fo r  eithe r  tas k (Dun n & 
Kirsner ,  1998 ;  Shallice ,  1988 ;  se e Chate r  &  Ganis , 
1991 fo r  a  ver y simpl e illustrativ e example) . 

Claim s concernin g wha t  ca n b e learn t  fro m D D s 
ar e ofte n pu t  muc h mor e strongl y tha n this .  Fo r 
example ,  Mari n e t  al .  (1976 )  stat e that :  "A t  th e ver y 
least.. .  [observe d doubl e dissociations].. .  shoul d yiel d 
a taxonom y o f  functiona l  subsystems .  I t  ma y no t  tel l 
us ho w thes e subsystem s interac t  -  bu t  i t  shoul d 
identif y an d describ e wha t  distinc t  capacitie s ar e 
available... "  (p p 869-870) .  Tha t  is ,  the y argu e tha t 
D Ds shoul d specif y th e component s o f  a  "bo x an d 
arrow "  mode l  o f  a  cognitiv e system .  A s w e hav e seen , 
suc h claim s ar e no t  justified ,  eve n i f  consideratio n i s 
limite d t o modular  systems . 
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3 2 Neura l  networks . 4 .  N e u r a l  N e t w o r k S i m u l a t i o n s 

Sinc e th e D D inferenc e i s intende d t o m a p out .  o r  a t 
leas t  constrain ,  th e architectur e o f  th e cognitiv e syste m 
i n term s o f  "boxe s an d arrows "  i t  migh t  see m tha t 
A NN model s ar e necessaril y  irrelevan t  t o thi s as|x;c t 
of  neuropsychologica l  methodology .  A N N models , 
th e argumen t  migh t  go ,  ar e a t  a  leve l  o f  detai l  belo w 
tha t  o f  th e bo x an d arro w diagra m whic h D D s ar e no t 
use d t o uncover .  Thi s suggest s tha t  cognitiv e 
neuropsycholog y ca n procee d withou t  concer n fo r 
A NN model s o f  cognition .  Th e reaso n tha t  thi s lin e o f 
argumen t  i s no t  convincin g i s tha t  i t  doe s no t  conside r 
th e possibilit y  tha t  a  singl e A N N ,  withou t  an y obviou s 
"bo x an d arrow "  structure ,  migh t  b e abl e t o produc e 
D D s.  Thi s coul d mislea d th e cognitiv e 
neuropsychologis t  int o postulatin g a  modula r  structur e 
wher e non e wa s presen t 

So,  fo r  example ,  A N N approache s hav e 
frequentl y aime d t o mode l  rule-governe d an d rule -
exceptiona l  behaviou r  i n usin g a  singl e network , 
wher e a n obviou s "bo x an d arrow "  mode l  treat s thes e 
as separat e (se e Rumelhar t  &  McClelland ,  1986 ; 
Pinke r  &  Prince ,  1988 ;  fo r  discussio n o f  th e pas t  tense ; 
Seidenber g &  McCleUan d 1989 ;  Colthear t  e t  al. ,  1992 ; 
fo r  discussio n o f  reading) .  Hence ,  i n term s o f  th e 
abov e discussio n A N N model s ca n amoun t  t o ne w 
theorie s T  concernin g norma l  function .  Fro m th e 
poin t  o f  vie w o f  neuropsychologica l  inference ,  th e 
crucia l  questio n i s wha t  prediction s P  d o suc h model s 
make abou t  pattern s o f  breakdown .  Specifically ,  ca n a 
"singl e route "  mode l  o f  rule-governe d an d rule -
exceptiona l  behaviou r  giv e ris e t o D D s ? I f  so ,  th e 
inferenc e fro m D D t o modularit y o f  functio n i s 
threatened ;  i f  not ,  th e traditiona l  inferenc e i s no t 
challenge d b y A N N accounts .  W e discus s thi s 
questio n an d examin e a  relevan t  cas e stud y below . 

W o od (1978 )  an d Sartor i  (1988 )  giv e simpl e 
demonstratio n simulation s whic h sho w dissociation -
lik e effect s o n simpl e patter n associatio n tasks . 
Shallic e (1988 :  254) ,  however ,  argue s tha t  thes e case s 
ar e no t  persuasive ,  sinc e mer e association s rathe r  tha n 
independen t  task s ar e dissociate d an d becaus e th e 
experiment s ar e ver y smal l  scale .  Furthermore ,  h e 
argue s tha t  th e smal l  scal e o f  thes e experiment s mean s 
tha t  individua l  unit s an d connection s pla y a n importan t 
rol e i n th e functionin g o f  th e whol e syste m an d note s 
tha t  thi s i s unlikel y t o b e tru e i n mor e realisti c  A N N s . 
He conclude s tha t  "ther e i s a s ye t  n o suggestio n tha t  a 
stron g D D ca n tak e plac e fro m tw o lesion s withi n a 
properl y distribute d network" . 

I n th e ligh t  o f  thes e complexitie s i t  i s  clea r  tha t 
th e reliabilit y  o f  inference s fro m D D t o a  particula r 
functiona l  modularit y canno t  b e assesse d purel y i n th e 
abstract .  W e therefor e conside r  a  cas e stud y i n whic h 
smal l  A N N s ar e traine d o n a  pai r  o f  tasks , 
systematicall y lesione d an d examine d fo r  evidenc e o f 
dissociatio n betwee n th e tasks . 

We begi n b y outlinin g s o m e o f  th e problem s 
encountere d i n A N N simulation s i n general .  W e the n 
describ e ou r  model s an d presen t  som e typica l  results . 
Finally ,  w e conside r  th e importan t  proble m o f  scalin g 
up t o mor e realisti c networks . 

4.1 General Remarks. 

ANN models are vastly oversimplified with respect to 
rea l  brains ,  bot h a t  th e leve l  o f  th e operatio n o f  singl e 
cells ,  an d th e pattern s o f  connectivit y betwee n cells . 
T h e relevanc e o f  A N N simulation s fo r 
neuropsycholog y depend s o n th e assumptio n tha t  thes e 
simplification s ar e no t  crucia l  wit h respec t  t o th e 
effect s o f  damage ;  th e effect s ar e assume d t o b e th e 
simila r  fo r  an y network-lik e system .  I t  i s  not , 
however ,  currentl y clea r  eve n tha t  differen t  kind s o f 
A NN produc e simila r  pattern s o f  damage .  Thi s tie s i n 
wit h th e genera l  proble m o f  th e paramete r  dependenc e 
of  A N N simulations ,  an d sensitivit y t o th e precis e 
weigh t  star t  values .  Furthermore ,  ver y differen t 
network s m a y b e produce d b y differen t  learnin g 
algorithms ;  on e might ,  fo r  example ,  expec t  tha t 
modula r  structure s ar e mor e likel y t o aris e fro m 
constructiv e algorithm s (e.g .  cascad e correlation )  tha n 
gradien t  descen t  algorithms .  Thi s issu e i s particularl y 
importan t  sinc e n o curren t  A N N learnin g algorithm s 
ar e biologicall y plausible . 

A furthe r  importan t  desig n questio n i s whethe r 
th e A N N i s minimal ,  i.e .  whethe r  i t  ha s th e m in imu m 
number  o f  unit s an d connection s require d t o solv e th e 
problem .  Minimalit y tend s t o spee d u p th e training , 
improv e generalizatio n an d m a k e i t  easie r  t o 
understan d th e hidde n uni t  representations .  However , 
minima l  network s wil l  no t  b e full y distribute d -  th e 
influenc e o f  eac h uni t  o r  connectio n wil l  no t  b e small . 
Presumabl y th e brai n ha s man y spar e hidde n units , 
whic h raise s th e concer n tha t  imposin g minimalit y 
may forc e th e networ k t o find  solution s ver y unlik e 
thos e foun d i n mor e natural ,  non-minima l  conditions . 

Ther e i s als o a  dependenc e o n th e representatio n 
of  trainin g data .  M a n y system s us e complicate d 
representation s an d ther e i s m u c h scop e fo r  'cheating' . 
Ofte n w e hav e t o encod e frequenc y effect s int o th e 
trainin g dat a (e.g .  wor d frequencie s i n readin g models ) 
and i t  i s  no t  clea r  h o w t o d o thi s effectively .  W e ofte n 
hav e t o presen t  th e exception s mor e frequentl y i n 
orde r  fo r  th e networ k t o lear n the m an d w e hav e t o as k 
whethe r  thi s shoul d thi s b e considere d 'cheating' . 

Once a  particula r  networ k ha s bee n chose n an d 
trained ,  th e man y possibl e type s o f  damag e mus t  b e 
considered .  Th e mos t  obviou s i s th e remova l  o f 
subset s o f  unit s an d connections .  Othe r  possibilitie s 
includ e changin g th e weight s an d activations :  addin g 
noise ,  rando m rescaling ,  globa l  rescaling ,  clippin g 
weight s o r  activatio n functions ,  an d s o on . 
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Neuropsychologica l  patient s ofte n (bu t  no t 
always )  sho w rapi d improvemen t  i n performanc e afte r 
a lesio n occur s (Geschwind ,  1985) .  W h e n workin g 
wit h minima l  networks ,  w e ca n easil y lesio n the m s o 
tha t  the y becom e sub-minimal .  I n thes e cases ,  on e ha s 
th e optio n o f  allowin g releamin g afte r  damage .  Thi s 
ca n furthe r  confus e th e results :  releamin g ca n create , 
destro y o r  eve n revers e th e sens e o f  dissociations .  Fo r 
non-minima l  networks ,  w e d o no t  hav e thi s problem : 
th e releamin g invariabl y totall y compensate s fo r  th e 
damage an d w e ge t  n o dissociation s a t  all .  I n 
summary then ,  ther e ar e a  numbe r  o f  reason s wh y 
interpretatio n o f  A N N simulation s o f  lesio n damag e i s 
ver y difficult . 

42 Simulation Results. 

We trained a range of small feed-forward ANNs, with 
one hidde n layer ,  o n semi-regula r  m^p ing s (involvin g 
a rul e an d a  les s frequen t  sub-mle) .  Th e network s 
wer e the n lesione d i n a  variet y o f  ways .  Th e 
frequencie s o f  error s o n eac h patte m wer e counted , 
and compare d wit h th e number s o f  rul e an d sub-ml e 
error s expecte d b y chance .  Th e statistica l  significanc e 
of  th e differenc e wa s measure d usin g chi-squar e tests . 
We foun d tha t  dissociation s wer e surprisingl y c o m m o n 
i n population s o f  net s an d tha t  D D s coul d als o b e 
foun d withi n a  singl e network .  Thi s appear s t o 
reinforc e doubt s regardin g D D (e.g .  Dun n &  Kirsner , 
1988 ;  Chate r  &  Ganis ,  1991) ,  bu t  a  mor e detaile d 
investigatio n suggest s otherwise . 

T h e followin g tabl e show s th e stronges t 
dissociation s foun d fo r  a  typica l  network ,  wit h 8 
inputs ,  1 6 hidde n unit s an d 8  outputs ,  traine d usin g a 
conjugat e gradien t  algorithm .  Th e trainin g dat a 
consiste d o f  th e identit y m a p excep t  tha t  whe n th e fu^ t 
fou r  inpu t  bit s ar e 111 1 o r  000 0 th e las t  thre e bit s ar e 
flipped .  Th e ful l  se t  o f  25 6 trainin g pattern s wa s used , 
givin g 22 4 'rules '  an d 3 2 'sub-mles' ;  eac h sub-rul e 
patte m wa s presente d twic e pe r  epoc h (Tabl e 1) . 

For m o f  damag e 

Scalin g weight s -  globall y 
Scalin g weight s -  randonil y 
Shiftin g weight s -  nois e 
Removin g hidde n uni t  1 
Removin g hidde n uni t  2 
Removin g I- H lin k 1- 3 
Removin g I- H lin k 2 A 

Rul e 
error s 

0.0 % 
37.1 % 
21.4 % 
0.9 % 

50.0 % 
0.4 % 

41.5 % 

Sub-ru l 
error s 

96.9 % 
100.09 5 
84.4 % 
50.0 % 
25.0 % 
50.0 % 
0.0 % 

p valu e 

<io- * 
<io-« ' 
<io-« ' 
<io-« ' 
< 0.00 8 
<lQr ^ 
<10= ' 

Tabl e 1 .  Damagin g a  backpro p rulelsubrul e ne t 

Similar results were obtained when the same problem 
was solve d usin g a  constructiv e algorithm ,  a  varian t  o f 
Cascad e Correlatio n (Fahlma n &  Lebiere ,  1988) , 
aabl e 2) . 

Notic e tha t  althoug h D D s ar e found ,  the y ar e quit e 
weak ,  especiall y th e dissociation s wher e th e mle s ar e 
los t  (i.e .  thes e ar e mor e likel y t o occu r  b y chance) . 
Als o althoug h ther e ar e twic e a s man y hidde n unit s a s 
i n a  minima l  networ k fo r  thi s problem ,  ther e ar e stil l 
some hidde n unit s an d connection s tha t  o n thei r  ow n 
hav e suc h a n influenc e o n th e output s tha t  thei r 
remova l  give s rise  t o a  dissociation .  Hence ,  accordin g 
t o Shallice' s criterion ,  note d above ,  thes e network s ar e 
not  full y  distributed .  Thi s ha s importan t  implication s 
fo r  network s damage d b y th e remova l  o f  rando m 
subset s o f  unit s an d connections .  Wit h man y unit s an d 
connection s havin g ver y littl e effec t  o n th e output s i t 
wil l  b e quit e c o m m o n t o fin d dissociation s tha t  aris e 
du e t o a  ver y smal l  numbe r  o f  cmcia l  unit s whic h hav e 
a significan t  effec t  o n th e output ,  bu t  d o no t  perfor m 
any identifiabl e functio n o n thei r  own .  I n particular , 
the y ar e no t  performin g a  functio n reveale d b y th e 
observatio n o f  a  D D . 

Fo r m o f  damag e 

Scalin g weight s -  global l 

Removin g hidde n uni t  1 

Removin g hidde n uni t  2 

Removin g I- H lin k 1- 3 

Rul e 
error s 

0.9 % 

8.0 % 

50.0 % 

2. : 

Sub-r u 
error s 
100.0 9 <10-< ' 

50.0 % 

18.8 % 

53.1 % 

p valu e 

l o ^ 
" W 
lo ^ 

Removin g l- H lin k 2- 4 |  39.7% |  0.0% |  <  lO" ' 

Table 2. Rulelsubrule cascade correlation net 

An unexpected feature of the results is that errors 
on a  patte m d o no t  necessaril y  occu r  wher e expected . 
For  example ,  error s o n sub-rul e pattern s sometime s 
occu r  o n part s o f  th e inpu t  strin g wher e th e mappin g i s 
completel y regular . 

Ther e wa s als o evidenc e tha t  th e patter n o f 
dissociation s i s ver y task-dependent .  Wit h th e abov e 
trainin g dat a w e ca n fin d dissociation s i n th e numbe r 
of  bi t  error s wit h completel y rando m weight s (wher e 
we expec t  5 0 % error s fo r  bot h mle s an d sub-rules ) 
much mor e frequentl y tha n w e woul d expec t  b y 
chanc e (calculate d b y chi-squared) ,  (Tabl e 3) .  Th e 
patte m o f  effect s remain s muc h th e sam e i f  ver y muc h 
sparse r  trainin g dat a i s use d -  jus t  1.5 % o f  possibl e 
patterns . 

Instance s 

occurrin g 

vtit h 

expecte d 

probabilit y 

< = 1 

<io- i 

<10- 2 

<10- 3 

<io- 4 

Ful l  dat a 
set 

1000 0 

249 1 

806 

293 

85 

1.5 % o f 
dat a se t 
10000 

1897 

432 

95 

21 

Tabl e 3  Expecte d an d actua l  numbe r  o f  dissociation s 
betwee n rulelsubrul e performanc e 
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On th e othe r  hand ,  i f  w e us e a  trainin g se t  tha t  ha s rule s 
and sub-rule s specifie d b y a  differen t  procedur e 
(namel y a  parit y rule )  w e ca n fin d fa r  f e w e r 
dissociation s tha n expecte d b y chanc e (Tabl e 4) . 

Instance s 

occurrin g 

wit h 

expecte d 

probabilit y 

< = 1 

<io- i 

<10- 2 

<10- 3 

<io- 4 

% trainin g dat a use d I 
aU 

10* 

12 

0 

0 

0 

25% 
" l O ^ 

1262 

138 

11 

0 

25% 

10* 

237 

2 

0 

0 

6.5 % 

10* 
1717 

307 

51 

1 

6J % 

10* 

458 

18 

3 

1 

Tabl e 4  Lesionin g a  parit y networ k 

Thus the number of dissociations appears to depend 
cruciall y o n th e tas k used . 

4 J Scaling up. 

We have found DDs in A>JNs but it is not clear 
whethe r  D D s ca n occu r  i n large r  an d mor e distribute d 
networks .  Unfortunatel y scalin g u p present s a  numbe r 
of  difficulties ,  an d exacerbate s man y o f  th e problem s 
mentione d i n sectio n 4. 1 Fo r  example ,  i s  th e numbe r 
of  hidde n unit s an d layer s sufficien t  t o allo w th e 
network s t o solv e th e proble m i n a  natura l  modula r 
manner ,  o r  ar e the y force d t o operat e i n a n unnatura l 
manner ? D o w e hav e enoug h trainin g pattern s t o 
preven t  th e networ k from  operatin g b y tabl e lookup ? 
Suppos e w e ha d succeede d i n trainin g a  networ k t o 
perfor m basi c arithmetic .  I t  woul d hav e t o b e quit e 
larg e an d larg e network s ar e ver y difficul t  t o analys e i n 
detail .  I t  i s  quit e likel y tha t  i t  woul d d o singl e digi t 
addition s an d multiplication s b y tabl e lookup ,  i t  migh t 
hav e module-lik e component s t o d o lon g 
additions/subtraction s makin g us e o f  thes e tables ,  an d 
so on .  H o w ,  then ,  coul d w e decid e i f  i t  ha d develope d 
separat e "modules "  fo r  lon g multiplicatio n an d lon g 
division .  Usin g th e D D methodology ,  w e woul d loo k 
fo r  form s o f  damag e suc h tha t  lon g divisio n wa s los t 
but  no t  lon g multiplication ,  an d vic e versa .  Fo r 
concreteness ,  suppos e tha t  th e tw o module s eac h 
consiste d o f  10 0 unit s an d th e res t  o f  th e syste m wa s 
anothe r  20 0 units .  Fo r  ver y smal l  amount s o f  artificia l 
lesio n damage ,  i t  i s  possibl e tha t  on e syste m woul d b e 
selectivel y damage d an d th e othe r  preserved ;  bu t  fo r 
large r  amount s o f  damage ,  thi s woul d becom e almos t 
infinitesimall y unlikely ;  an d a  combinatorial y 
explosiv e numbe r  o f  possibl e lesion s woul d hav e t o b e 
performed  t o uncove r  suc h dissociations .  So ,  eve n i f 
ther e i s modula r  structur e presen t  i n A N N s ,  larg e scal e 
model s wit h larg e scal e damage ,  ar e unlikel y t o giv e 
ris e t o dissociations .  Furthermore ,  th e A N N s woul d b e 
ahnos t  a s difficul t  t o analys e a s brains . 

Notice ,  though ,  tha t  i f  biologica l  learnin g 
algorithm s ten d t o organiz e neuron s wit h c o m m o n 

functio n int o loca l  brai n regions,  o r  suc h localisatio n i s 
enforce d b y innat e constraints ,  the n th e chance s o f 
lesio n damag e affectin g on e tas k selectively ,  resultin g 
i n a  dissociation ,  increase s significantly .  Thi s i s on e 
reaso n w h y curren t  A N N s m a y provid e unreliabl e 
model s o f  neuropsychologica l  breakdown . 

A N Ns m a y mode l  mor e globa l  kind s o f  damag e 
mor e successfully .  Fo r  example ,  neurotransmitte r 
imbalance s ca n b e crudel y modelle d b y globall y 
rescaUn g weights ,  whic h ca n easil y b e teste d o n A N N s 
howeve r  large .  W e hav e foun d n o evidenc e tha t  thi s 
kin d o f  damag e ca n giv e ris e t o D D s ;  i n th e task s 
reporte d above ,  th e subrules/exception s ar e generall y 
los t  an d th e rule s spared . 

5 .  Impl icat ion s fo r  n e u r o p s y c h o l o g y 

In  this section, we consider the implications of these 
result s fo r  cognitiv e neuropsychology . 

5.1 Do double dissociations specify modularity? 

We have shown that DDs can arise in simple ANNs in 
a rule/sub-rul e learnin g task .  H o w usefu l  suc h result s 
ar e depend s o n whethe r  w e ar e concerne d t o sho w tha t 
(1 )  A N N model s ar e consisten t  wit h wha t  goe s o n i n 
rea l  brains ;  (2 )  D D s ar e possibl e i n full y  distribute d 
system s an d consequentl y canno t  b e use d t o infe r 
modularity ;  o r  (3 )  modula r  structure s ca n aris e 
spontaneousl y b y learnin g i n a  full y  distribute d 
system . 

I f  on e i s jus t  intereste d i n (1 )  the n th e questio n o f 
modularit y i s irrelevant :  th e working s o f  ou r  model s 
ca n simpl y b e a s mysteriou s a s thos e o f  rea l  brains . 
Cases (2 )  an d (3 )  ar e mor e subtle .  A s note d i n Sectio n 
4.3 ,  i n an y A N N syste m larg e enoug h t o b e considere d 
full y distributed ,  i t  wil l  b e difficul t  (i f  no t  impossible ) 
t o uncove r  modularit y withou t  lookin g fo r  D D s 
anyway ,  s o eve n i f  a  D D i n a  larg e scal e A N N wer e 
found ,  i t  woul d b e difficul t  t o argu e fo r  (2 )  agains t  (3) . 
We kno w tha t  a  certai n amoun t  o f  modularit y occur s i n 
rea l  brains ,  bu t  mos t  i s clearl y innate .  Thu s i f  w e 
assume cas e (3) ,  w e en d u p simpl y tryin g t o sho w h o w 
non-innat e modula r  structure s coul d aris e i n th e brain . 
Moreover ,  th e possibilit y  o f  innat e structure s i n rea l 
brain s mean s tha t  result s from  A N N s can' t  reall y tel l 
us anythin g fo r  certain .  I f  w e d o find  D D s ,  the n w e 
don' t  kno w wha t  i t  implies .  I f  w e don' t  fin d D D s w e 
don' t  kno w i f  i t  i s  becaus e D D s i n rea l  brain s aris e 
solel y du e t o innat e structure s tha t  haven' t  bee n buil t 
int o A N N s o r  becaus e A N N learnin g algorithm s ar e 
to o dissimila r  t o thos e i n rea l  brain s fo r  th e sam e 
modula r  structure s t o arise .  Furthermore ,  a s note d i n 
Sectio n 3.1 ,  eve n i f  D D s coul d b e show n t o impl y 
some modularit y o f  function ,  ther e wil l  stil l  b e al l 
manner  o f  modula r  an d quasi-modula r  system s whic h 
ar e consisten t  wit h D D . 
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5 ^  Methodologica l  implications . 

Despite finding DDs in ANNs, given the problems of 
extrapolatin g fro m smal l  artificia l  simulation s t o rea l 
brains ,  on e canno t  reall y justif y th e suggestio n tha t 
D Ds ar e not ,  afte r  all .  usefu l  dat a fo r  constrainin g 
cognitiv e theory .  Indeed ,  an y particula r  D D wil l  pos e 
an importan t  challeng e fo r  an y non-modula r  A N N 
account ;  whethe r  o r  no t  suc h a  challeng e ca n b e me t 
must  b e determine d o n a  cas e b y cas e basis .  Fo r 
example ,  singl e rout e A N N model s o f  readin g hav e 
bee n propose d (e.g .  Seidenber g &  McClelland ,  1989) , 
but  canno t  accoun t  fo r  th e D D betwee n non-wor d an d 
exceptio n wor d readin g (e.g .  Colthear t  e t  al. ,  1992 ) 
an d thi s pose s a n importan t  challeng e fo r  suc h models . 
Notice ,  however ,  tha t  D D i s o n a  pa r  wit h an y othe r 
aspec t  o f  neuropsychologica l  o r  experimenta l  dat a -  i t 
has n o speciall y decisiv e importance . 

Th e moral s concernin g th e impac t  o f  A N N model s 
on cognitiv e neuropsycholog y ca n n o w b e drawn . 
First ,  whethe r  a  particula r  A N N accoun t  i s consisten t 
wit h a  D D canno t  b e determine d fo r  certai n a  priori , 
but ,  lik e othe r  experimenta l  o r  neuropsychologica l 
data ,  mus t  b e teste d b y computationa l  experiments . 
Second ,  th e focu s o n ver y gros s pattern s o f  data ,  suc h 
as D D s ,  ha s bee n partl y du e t o th e fac t  tha t  "bo x an d 
arrow "  cognitiv e model s ar e no t  detaile d enoug h t o 
giv e mor e detaile d predictions .  Th e rich ,  quantitativ e 
prediction s o f  full y  explici t  computationa l  models , 
suc h a s A N N s ,  giv e ris e t o a  wid e rang e o f  prediction s 
(e.g .  th e correlatio n betwee n "visual "  an d "semantic " 
readin g errors ,  an d effect s o f  concreteness/abstractnes s 
on readin g i n dee p dyslexi a (Plan t  &  Shallice ,  1992)) , 
a m o ng whic h D D s hav e n o specia l  status .  Th e 
connectionis t  neuropsychologis t  wil l  b e abl e t o us e 
mor e fine-grained  evidenc e t o constrai n cognitiv e 
theory ,  thu s reducin g th e emphasi s o n doubl e 
dissociations . 
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