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Abstrac t 

The Process Dissociation Procedure as applied to episodic 
recognitio n require s subject s t o stud y tw o list s an d the n 
determin e whic h o f  th e word s i n a  tes t  lis t  appeare d i n th e 
secon d lis t  (Exclusio n condition )  o r  o n eithe r  lis t  (Inclusio n 
condition) .  W e demonstrat e tha t  th e dua l  processin g accoun t 
of  episodi c recognitio n (Jacob y 1991 )  doe s no t  accoun t  fo r 
th e effect s o f  manipulatin g th e amoun t  o f  tim e betwee n th e 
stud y lists .  I n contrast ,  th e Bin d Cu e Decid e Mode l  o f 
Episodi c Memor y ( B C D M E M)  i s fit  t o th e lis t  separatio n 
data . 

Introduction 

Episodi c recognitio n refer s t o th e tas k o f  identifyin g a 
stimulu s a s havin g occurre d withi n a  particula r  episod e o r 
context .  I n a  typica l  recognitio n experiment ,  subject s 

proces s a  stud y lis t  o f  item s an d ar e the n presente d wit h a 
tes t  lis t  containin g som e ol d item s fi-om  th e stud y lis t  an d 

some ne w item s whic h di d no t  appea r  i n th e stud y list .  Th e 
subject' s tas k i s t o determin e whic h o f  th e tes t  item s 
appeare d i n th e stud y list .  Thi s basi c desig n ca n b e 

elaborate d i n a  numbe r  o f  way s b y addin g additiona l  stud y 
list s an d requirin g subject s t o recogniz e item s fro m 
individua l  list s o r  fro m al l  o f  th e lists . 

I n thi s paper ,  w e contras t  tw o model s o f  episodi c 
memory:  th e dua l  processin g mode l  (Jacob y 1991 , 
Yonelina s 1994 )  an d th e Bin d Cu e Decid e Mode l  o f 
Episodi c M e m o r y ( B C D M E M,  Denni s &  Humphrey s i n 
press ,  Denni s &  Humphrey s submitted) .  Firstly ,  w e outlin e 
th e dual-processin g mode l  an d describ e th e proces s 
dissociatio n procedure .  The n w e outlin e B C D M E M. 
Finally ,  w e demonstrat e tha t  dat a o n th e effec t  o f 

manipulatin g stud y lis t  separatio n i n th e P D P ar e 
problemati c fo r  th e dual-processin g model ,  bu t  ar e wel l 
capture d b y B C D M E M. 

The Dual Processing Model and the Process 

Dissociat io n P r o c e d u r e 

The Dua l  Processin g mode l  o f  episodi c recognitio n hinge s 
on th e distinctio n betwee n automati c an d controlle d 
processe s (sometime s denote d consciou s an d unconsciou s 
processes ,  intentiona l  an d unintentiona l  processe s o r  awar e 

and unawar e processes) .  Automati c processe s produc e a 

feelin g o f  familiarit y which ,  i n th e contex t  o f  episodi c 

recognition ,  tend s t o evok e a n ol d respons e independen t  o f 
subjec t  control .  Thi s familiarit y i s  no t  specifi c t o a n 
individua l  lis t  contex t  an d i s  though t  t o b e th e sam e 
informatio n o n whic h subject s bas e decision s i n implici t 

task s suc h a s lexica l  decisio n an d perceptua l  identification . 

I n contrast ,  controlle d processe s ar e base d o n recollectio n 
retrievin g som e aspec t  o f  th e stud y opportunit y tha t  ca n b e 
use d t o infe r  tha t  th e ite m appeare d i n th e lis t  (i.e .  " I 

rememberin g solvin g a n anagra m fo r  thi s ite m s o thi s ite m 

must  hav e bee n i n th e stud y list") .  Thi s sourc e o f 
informatio n i s  subjec t  t o contro l  b y th e participan t  an d i s 
though t  t o b e vulnerabl e t o disruptio n a t  bot h storag e an d 

retrieval . 
T o separat e th e influence s o f  familiarit y an d recollectio n 

i n episodi c recognition ,  Jacob y (1991 )  ha s use d a  numbe r  o f 
procedures .  I n thi s paper ,  w e focu s o n th e Proces s 
Dissociatio n Procedur e (PDP) ,  whic h wa s introduce d i n th e 
thir d experiment .  I n a  typica l  applicatio n o f  th e P D P ,  a 

subjec t  studie s tw o list s an d i s  aske d t o m a k e on e o f  tw o 
recognitio n decision s a t  test .  I n th e inclusio n condition ,  the y 
ar e require d t o respon d "old "  i f  th e ite m wa s i n eithe r  o f  th e 
tw o lists .  I n th e exclusio n condition ,  the y ar e require d t o 

respon d "old "  onl y i f  th e ite m appea r  i n th e targe t  lis t  (eithe r 
lis t  1  o r  lis t  2) .  I n Jacoby' s thir d experiment ,  lis t  on e 
containe d rea d an d anagra m word s an d lis t  tw o containe d 
hear d words .  Subject s wer e aske d eithe r  t o recogniz e word s 
fro m bot h list s (inclusion )  o r  fro m lis t  tw o onl y (exclusion) . 

T o estimat e th e independen t  contribution s o f  familiarit y 

and recollection ,  Jacob y assume s tha t  i n th e inclusio n 
conditio n th e subjec t  wil l  respon d ol d i f  th e ite m i s familia r 
or  i f  th e ite m i s unfamilia r  bu t  i s  recollected : 

P (Inclusion) = F + (1-F)R 

In the exclusion condition, when the subject should be 
respondin g new ,  i t  i s  assume d tha t  the y wil l  mistakenl y 

respon d ol d i f  th e ite m i s familia r  bu t  the y fai l  t o recollec t 
whic h lis t  i t  occurre d in : 

P (Exclusion) = F(1-R) 
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Thes e equation s ca n b e solve d fo r  R  an d F  giving : 

R = P (Inclusion) - P (Exclusion) 

F = P (Exclusion) / (1 P (Inclusion) + P (Exclusion)) 

The estimates of familiarity generated using the equations 

outline d abov e hav e bee n show n no t  t o var y i n a  numbe r  o f 

manipulation s tha t  hav e a n effec t  o n recollectio n estimate s 

(Jacob y 1991 ,  Yonelina s 1994 )  suggestin g tha t  th e 

procedur e wa s providin g estimate s o f  independen t 

familiarit y an d recollectio n processes . 

Th e dual-processin g framewor k ha s generate d a  numbe r 

of  innportan t  insights .  FirsUy ,  i t  suggest s tha t  episodi c 
recognitio n involve s mor e tha n on e proces s an d tha t  th e 

applicatio n o f  thes e processe s ca n var y dependin g o n th e 

conditions ,  i n particular ,  whethe r  attentio n i s divided . 

Secondly ,  th e dual-processin g framewor k ha s focuse d 

attentio n o n multi-lis t  paradigms .  Becaus e previou s 

approache s t o episodi c memor y wer e primaril y sensitiv e t o 

manipulation s o f  th e othe r  item s i n th e targe t  list ,  effort s t o 

tes t  thes e model s hav e focuse d o n singl e lis t  paradigms . 

However ,  i t  i s  onl y possibl e t o b e certai n yo u ar e dealin g 
wit h th e episodi c memor y syste m whe n multi-lis t  paradigm s 

ar e employe d an d s o th e proces s dissociatio n procedur e ca n 
provid e usefu l  dat a fo r  testin g h o w model s approac h th e us e 
of  contextua l  information . 

I n th e nex t  section ,  w e outlin e th e Bin d Cu e Decid e 

Model  o f  Episodi c Memory . 

The Bind Cue Decide Model of Episodic 

M e m o ry 
As th e nam e suggest s ther e ar e thre e critica l  component s t o 
B C D M EM -  th e bindin g mechanism ,  th e cue s employe d an d 

th e decisio n rule .  Th e bindin g mechanis m specifie s h o w 

element s o f  a n episod e includin g items ,  context s an d othe r 
informatio n ar e associate d i n episodi c memory .  Th e cue s ar e 

th e element s tha t  ar e use d t o initiat e retrieval .  No t  al l  o f  th e 

informatio n availabl e t o a  subjec t  nee d b e use d a s a  cue ,  s o 
par t  o f  th e theor y involve s specifyin g whic h component s ar e 

use d a s cue s i n a  give n experimenta l  paradigm .  Finally ,  th e 

decisio n rul e take s th e result s o f  retrieva l  an d output s th e 

require d informatio n i n th e for m o f  a n ite m i n recal l 
paradigm s o r  a  yes/n o decisio n i n recognitio n paradigms .  A 

complet e theor y o f  episodi c memor y mus t  addres s thes e 

component s an d i n th e followin g sections ,  th e eac h wil l  b e 
considere d i n turn . 

The Binding Mechanism 

Figur e 3  depict s th e B C D M EM architecture ,  whic h consist s 
of  thre e layer s o f  units .  Item s an d context s (e.g. ,  "th e lis t  o f 
word s 1  sa w today "  o r  "th e lis t  i n whic h I  wa s formin g 

anagrams" )  ar e represente d a s spars e binar y distribute d 

vectors . 

Th e component s presen t  a t  a  give n moment  ar e adde d t o 
for m a n inpu t  vecto r  ( a composit e encoding) .  Fo r  instance , 

i f  a  subjec t  wer e studyin g th e pai r  "penci l  grass "  i n th e list l 

contex t  (i.e .  th e stud y list )  th e inpu t  vecto r  woul d b e 

P E N C I L + G R A S S + L I S Tl  wher e P E N C I L an d G R A S S ar e 

spars e vector s representin g th e item s an d LIST l  i s a  spars e 

vecto r  representin g th e contex t  (se e Figur e 1) . 

Lil t  1  *  Penci l  t  Orti t 
EntorhlnilCoit u 

Ult l  &Pcn ( tc?cnd l 
CAl 

CA3/EntortilnalC«t a 
Lis t  1  * •  Penci l  f  Orai i 

Figur e 1 :  Th e B C D M EM architecture .  Th e laye r  name s 

ar e intende d t o giv e a n indicatio n o f  th e hippocampa l 

structure s tha t  migh t  b e involved . 

Bindings are formed in the middle layer (the binding or 

C Al  layer) ,  whic h i s assume d t o b e a  se t  o f  pool s o f 
competitiv e units .  Eac h poo l  wil l  contai n a  uni t  representin g 

eithe r  a  singl e ite m o r  a  combinatio n o f  th e inpu t  item s ( a 
conjunctiv e encodin g -  se e Figur e 1 )  tha t  wil l  b e reactivate d 

i f  an y o f  thos e component s ar e presente d a t  a  late r  time .  I t  i s 
assume d tha t  a  nod e wil l  onl y b e reactivate d i f  th e curren t 

inpu t  patter n i s ver y simila r  t o th e inpu t  patter n t o whic h i t 
responds .  So ,  fo r  instance ,  th e plura l  for m o f  a  wor d ma y 

reactivat e th e sam e nod e a s it s singula r  form ,  bu t 

semanticall y simila r  item s woul d reactivat e differen t  units . 
I n th e "penci l  grass "  example ,  binding s woul d b e forme d 

representin g L IST !  &  P E N C I L &  G R A S S,  LIST l  & 
P E N C I L ,  LIST l  &  G R A S S,  P E N C I L &  G R A S S,  LISTl , 

P E N C IL an d G R A S S.  Th e relativ e proportion s o f  thes e 

binding s wil l  depen d o n factor s suc h a s th e sparsit y o f 
connectivit y betwee n CA3/Entorhina l  corte x an d C A l  a s 

wel l  a s th e sparsit y o f  th e ite m an d contex t  representations . 
Finally ,  th e syste m i s assume d auto-associative ,  s o tha t 

th e inpu t  laye r  i s als o th e outpu t  layer .  Associativ e weight s 

connec t  th e bindin g laye r  t o th e outpu t  laye r  formin g th e 

memory o f  th e system .  Fo r  modelin g purpose s thes e 
weight s ar e considere d t o b e binar y (eithe r  the y for m o r  not ) 

and wil l  b e presen t  wit h a  probabilit y  tha t  depend s o n th e 

amount  o f  tim e an d attentio n employed . 
I n constructin g th e bindin g mechanis m w e hav e attempte d 

t o produc e th e simples t  architectur e tha t  capture s thre e ke y 

behavioura l  constraints .  Th e conjunctiv e pool s allo w th e 
syste m t o bin d three-wa y information .  Th e binding s ar e 

symmetri c s o tha t  learnin g th e pai r  A B wil l  allo w A  t o b e 
use d t o retriev e B  an d B  t o b e use d t o retriev e A  t o 

approximatel y th e sam e extent .  And ,  th e binding s ar e 
forme d rapidl y rathe r  tha n a s th e resul t  o f  a  larg e numbe r  o f 

repetitions .  I t  woul d b e possibl e t o produc e a  mor e 
complicate d mode l  tha t  describe d th e sparsit y o f  th e 

connection s an d provide d a  mor e realisti c accoun t  o f 
learning .  Suc h a  mode l  wil l  b e necessar y t o captur e th e 

affec t  o n bindin g formatio n o f  trainin g (c.f .  Chalmer s & 
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Humphrey s i n press) .  However ,  a t  thi s stage ,  ther e i s 

insufficien t  dat a t o constrai n th e neura l  mechanis m an d s o 

we hav e chose n a  simpl e optio n tha t  embodie s th e existin g 

behavioura l  constraints . 

The Cues 

The cue s presente d t o th e memor y syste m a t  tes t  pla y a n 

importan t  rol e i n determinin g th e source s fro m whic h 

interferenc e wil l  arise .  I n B C D M E M,  i t  i s  assume d tha t 

recognitio n paradigm s primaril y involv e cuein g wit h a n 

ite m o r  item s (Anderso n &  Bowe r  1972 ,  Denni s & 
Humphreys ,  i n press) ,  whil e recal l  paradigm s primaril y 

involv e cuein g wit h a  context .  I n recognition ,  interferenc e i s 

generate d mainl y fro m th e othe r  context s i n whic h th e ite m 

has bee n seen .  I n recall ,  interferenc e i s  generate d mainl y 

fro m th e othe r  item s fro m th e sam e contex t  (i.e. ,  i n th e sam e 

list) .  O f  course ,  circumstance s ma y predispos e a  subjec t  t o 
use a  differen t  cuein g strateg y (fo r  instance ,  i n som e 

associativ e recognitio n experiment s subject s ma y emplo y 
recall ,  Clark e &  Gronlun d 1996) .  Makin g thi s genera l 

distinction ,  however ,  provide s insigh t  int o a  numbe r  o f 
dissociation s betwee n recal l  an d recognitio n includin g wor d 

frequenc y effect s an d th e nul l  list-strengt h effec t  (Denni s & 
Humphrey s i n press ,  Denni s &  Humphrey s submitted) . 

Cuein g wit h th e ite m fo r  context s i n recognitio n i s a 

majo r  departur e fro m previou s approaches ,  wher e i t  i s 

uniforml y assume d tha t  th e primar y sourc e o f  interferenc e i s 
th e othe r  lis t  items .  However ,  w e believ e tha t  cuein g wit h 
th e ite m i s  mor e consisten t  wit h th e intuition s behin d th e 

dual  processin g approach .  Recollectio n involve s th e 
retrieva l  o f  contextua l  element s associate d wit h th e item ,  a s 
i f  th e ite m wer e bein g use d a s a  cue .  Furthermore , 

familiarit y i s a  propert y o f  a n item ,  a s i f  retrieva l  i s  startin g 
wit h th e item .  S o fo r  bot h familiarit y an d recollection ,  th e 
assumptio n i s tha t  subject s focu s first  o n th e item ,  a s i s th e 
cas e i n B C D M E M. 

Figur e 2  outline s th e component s o f  th e architectur e o f 

B C D M EM relevan t  t o recognition .  A t  study ,  a n ite m i s 

represente d a s a  singl e nod e (i.e .  a  loca l  code )  i n th e bindin g 

layer .  Eac h nod e a t  th e bindin g laye r  i s  connecte d vi a 

associativ e weight s t o th e m e m o r y laye r  whic h contain s a 

distribute d representatio n o f  th e contex t  (wit h sparsit y s  an d 

lengt h 1 )  i n whic h th e ite m i s bein g studied .  Thes e weight s 

ar e originall y zero ,  bu t  ar e se t  t o on e wit h probabilit y r 
(amoun t  o f  learning )  i f  th e correspondin g componen t  o f  th e 

contex t  vecto r  i s one .  Th e ite m m a y als o hav e appeare d i n 

non-stud y context s s o tha t  ther e wil l  als o b e weight s tha t 

hav e bee n learne d durin g thes e episodes .  T h e probabilit y 

tha t  a  weigh t  i s on e a s a  resul t  o f  previou s learnin g i s calle d 
memory nois e (p) . 

I n a  singl e ite m recognitio n test ,  th e ite m nod e i s 

reactivate d whic h i n tur n reinstate s a t  th e m e m o r y laye r  a 

binar y additio n (th e bit-wis e O R operation )  o f  th e context s 
i n whic h thi s ite m ha s bee n see n weighte d b y th e amoun t  o f 

learnin g i n thos e context s (se e Figur e 2) .  I n addition ,  th e 

contex t  vecto r  tha t  wa s presen t  a t  stud y i s reconstructed .  Fo r 
a targe t  item ,  th e binar y additio n wil l  contai n th e stud y 

contex t  wherea s fo r  a  distracte r  i t  wil l  not .  Ther e may , 
however ,  b e component s o f  th e stud y contex t  tha t  ar e 
activate d eve n whe n a  distracte r  i s  presente d a s a 
consequenc e o f  th e overla p betwee n th e stud y contex t  an d 
th e context s i n whic h th e distracte r  ha s bee n seen .  Likewise , 
th e targe t  patter n m a y b e missin g component s o f  th e stud y 

contex t  becaus e the y wer e no t  learned . 

Targe t 

(• : 

EntorhinalCone x 

CAl 

J c-C l 

J m-Cl + C2 + C3 + C4 

T h e Decisio n R u l e 
The final  essentia l  componen t  o f  th e memor y mechanis m i s 
th e decisio n rule ,  whic h select s th e respons e o f  th e mode l 
(Humphreys ,  Wile s &  Denni s 1994) .  I n recal l  paradigms , 
th e decisio n rul e select s a n ite m fo r  output .  I n yes/n o 
recognitio n paradigms ,  th e decisio n rul e select s a n ol d o r 
ne w response .  I n B C D M E M,  w e assum e tha t  th e neura l 
mechanism s underpinnin g thes e decision s wil l  approximat e 
th e optima l  decisio n rul e i n a  Bayesia n sens e (c.f .  Anderso n 
& Milso n 1989 ,  Glanze r  &  A d a m s 1990 ,  Shiffri n & 
Steyver s 1997 ,  McClellan d &  Chappel l  i n press) .  I n 

recognition ,  th e decisio n ca n b e characterize d a s th e odd s 
ratio : 

piol d I  data ) 

p{new\data ) 

where  the data is the evidence retrieved from the memory 
system . 

Distracto r 

Entorhina l  Corte x 

CAl 

(* : •  • 

Distracto r 

3 c-C l 

J m - CZ + 05 t ce 4- 09 

Figur e 2 :  T h e B C D M E M architectur e fo r  recognition . 

The decision rule must discriminate outputs that contain 
th e targe t  patter n fro m thos e tha t  d o not .  I t  i s  i n m a k i n g th e 
discriminatio n tha t  th e majorit y o f  th e nois e i s  adde d t o th e 

system .  Followin g wo r k b y Glanze r  &  A d a m s (1990) , 

Shiffri n an d Steyver s (1997 )  an d McClel lan d an d Chappel l 
(i n press )  o n th e natur e o f  retrieva l  i n recognition ,  w e hav e 
specifie d th e discriminatio n proble m a s a  Bayesia n 
procedur e an d hav e derive d th e expression s fo r  th e 
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likelihoo d o f  a  ye s o r  n o respons e give n th e histor y o f  th e 

item . 

T h e o d d s ratio ,  P  (oldldata)/ P (newldata) ,  ca n b e rewritte n 

as follows : 

p{old\data )  _  pjold )  pidatalold ) 

p{ne w I  data )  p{new )  p{dat a I  new ) 

The data referred to in the likelihood expression are the 

vecto r  retrieve d fro m m e m o r y (m )  an d th e reinstate d contex t 

vecto r  (c) .  T h e probabilitie s depen d o n h o w wel l  thes e 

vector s match .  T h e ite m wil l  b e considere d ol d i f  th e 

probabilit y  tha t  i t  i s  ol d give n th e dat a i s  greate r  tha n th e 

probabilit y  tha t  i t  i s n e w give n th e dat a (i.e .  i f  th e odd s rati o 

exceed s one) . 

I n m a n y experiment s subject s se e equa l  number s o f 

target s an d distracters ,  s o tha t  i t  coul d b e assume d tha t  i n th e 
absenc e o f  specifi c  manipulation s o f  criterion ,  P  (old )  =  P 

(new )  =  0.5 ,  an d th e prio r  probabilitie s cancel .  I n thi s case , 

th e odd s rati o i s  equa l  t o th e likelihoo d rati o (i.e .  P 

(datalold)/ P (datalnew)) . 
Sinc e bot h th e contex t  vecto r  an d th e m e m o r y vecto r  ar e 

binar y ther e ar e fou r  type s o f  matc h (i.e .  Ci= l  &  mi=l ,  Ci= l 

& mi=0 ,  Ci= 0 &  mi=l ,  Ci= 0 &  m,=0) .  Th e probabilit y o f  a 
give n sor t  o f  matc h i s  independen t  o f  th e componen t  i n 

whic h tha t  matc h occurs ,  s o th e dat a ca n b e summarize d b y 
n̂ k .  th e numbe r  o f  component s i n whic h C |  =  j  &  m ;  =  k . 

Now, 
P (datalold )  =  Oj  P(C i  &  m; I  old ) 

=P(c ,  =  1  &  mi = 1  I  old)"' '  P(Ci= 0 &  mi= 0 I  old ) 

P(c,= 0 &  mi= l  I  old )  •* '  P(c, = l  &  m,= 0 I  old ) 

=I P (cf I  I  old )  P  ( m p l  I  Ci= l  &  old) ]  " 
[ P (Ci= 0 I  old )  P  ( m p O I  c f O &  old) ] 

[ P (c,= 0 I  old )  P  (m, = l  I  c,= 0 &  old) ] 

[ P (Ci= l  I  old )  P  (mi= 0 I  c f I  «f e old) ] 

.  nOO 
nlO 

ni l 
nOO 

nOI 
nI O 

Similarl y fo r  P  (dat a I  n e w ) . 

W e ca n n o w restat e th e likelihoo d rati o i n term s o f  th e 

parameter s o f  th e m o d e l  tha t  hav e bee n introduced .  I n 
summary the y are : 

Sparsit y  (s) :  th e probabilit y a  componen t  c f  a  contex t  vecto r 
i s a  one . 
Learnin g (r) :  th e probabilit y  tha t  th e lin k betwee n a n ite m 

nod e an d a  contex t  componen t  o f  on e i s  learne d durin g 

study . 

M e m o ry Nois e (p) :  th e probabilit y  tha t  a  componen t  o f  th e 
m e m o ry vecto r  i s a  on e becaus e o f  othe r  context s i n whic h 

thi s ite m ha s bee n seen .  M e m o r y nois e incorporate s bot h th e 

number  o f  othe r  context s i n whic h th e ite m ha s bee n see n 

and th e amoun t  o f  learnin g i n thos e contexts .  However , 

addin g additiona l  context s i s  likel y t o affec t  th e memor y 

nois e mor e tha n repeatin g a n ite m withi n th e sam e contex t 
(becaus e th e contex t  representation s ar e spars e an d chose n 

independently) .  Therefore ,  th e numbe r  o f  differen t  context s 

i n whic h a n ite m appear s shoul d b e a  sensitiv e measur e o f 

m e m o ry noise .  However ,  sinc e th e correlatio n betwee n th e 

number  o f  context s a n ite m ha s appeare d i n an d it s wor d 

frequenc y i s ver y hig h (Denni s 1996) ,  w e wil l  assum e wor d 

frequenc y reflect s m e m o r y nois e unde r  mos t  conditions . 

Vecto r  Dimensionalit y  (1) :  th e lengt h o f  th e contex t  an d 

m e m o ry vectors .  Not e I  =  no o +  no i  +  ni o +  nn . 

Substituting into the previous equations, we get: 

P (datalold) = [s(r+p-rp)]"" [(1-s) (l-p)]"°° 

[s(l-r)(l-p)|"'°[(I-s)p]"° ' 

P (datalnew) = [s p]"" [(I -s)( 1 -p)] "^ 

[s(l-p)]"'°l(l-s)p]"° ' 

So, 

P(datalold)/P(datalnew )  =  [(r+p-rp)/p]" "  [l-r]"' " 

Note that the 01 and 00 matches have no impact on the 

likelihoo d ratio .  The y affec t  th e P(datalold )  i n th e sam e wa y 

as the y affec t  th e P(datalnew) . 

As mentione d previously ,  whe n ther e i s n o specifi c 

manipulatio n o f  criterio n i t  i s  assume d tha t  a n ite m wil l  b e 

calle d ol d i f  th e probabilit y  tha t  i t  i s ol d give n th e dat a i s 

greate r  tha n th e probabilit y  tha t  i t  i s  n e w give n th e data , 

whic h i s tru e whe n th e likelihoo d rati o i s greate r  tha n one . 

I n general ,  then ,  a s th e mea n likelihoo d rati o approache s 
one ,  fro m abov e i n th e cas e o f  target s an d fro m belo w i n th e 
cas e o f  distracters ,  w e expec t  performanc e t o degrade .  W e 

ca n begi n t o understan d h o w th e abov e likelihoo d functio n 
simulate s performanc e b y lookin g a t  h o w it s expecte d valu e 

varie s a s a  functio n o f  th e parameter s (not e a  ful l  expositio n 

woul d conside r  th e complet e likelihoo d distribution) . 

Firstly ,  a s m e m o r y nois e (p) ,  whic h represent s wor d 
frequency ,  approache s one ,  (r+p-rp)/ p approache s on e an d 

th e expecte d valu e o f  ni o approache s zero ,  s o th e expecte d 
valu e o f  P(datalold)/P(datalnew )  approache s one .  I n othe r 

word s performanc e decrease s a s wor d frequenc y increases . 
Secondly ,  a s learnin g (r) ,  approache s zero ,  (r+p-rp)/ p 
approache s on e an d 1- r  approache s one ,  s o th e expecte d 
valu e o f  P  (datalold)/P(datalnew )  approache s one .  S o a s 

stud y tim e o r  numbe r  o f  repetition s decrease s s o doe s 
performance . 

Adding the Contextual Reinstatement Parameter In the 

derivation s outline d above ,  i t  i s  assume d tha t  th e abilit y t o 

retriev e o r  otherwis e reconstruc t  th e stud y contex t  a t  tes t 
(contextua l  reinstatement )  i s  perfect .  Th e contex t  employe d 

at  tes t  i s identica l  t o tha t  use d a t  study .  I t  seem s mor e likely , 

however ,  tha t  feature s o f  th e origina l  contex t  vector s wil l  b e 
lost .  Th e abilit y t o reinstat e contex t  i s  likel y t o b e 
compromise d b y factor s suc h a s th e lengt h o f  th e lis t  an d 

somewhat  b y delay . 
The contextua l  reinstatemen t  paramete r  (d )  i s  th e 

probabilit y  tha t  a  uni t  tha t  wa s a  on e i n th e stud y contex t  i s 

a zer o i n th e reconstructe d context .  Th e likelihoo d rati o ca n 
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be re-derive d takin g int o accoun t  contextua l  reinstatemen t 
(se e Denni s &  Humphrey s i n press )  t o give : 

P (dat a I  old) /  P  (dat a I  new ) 

= [(l-s+d(l-r)s)/(l-s+ds)]"°° [1-r ] nIO 
nOl I  ni l [( p ( l -s )+d( r+p- rp )  s)/( p ( I - s )+dps ) ] " " '  ((r+p-rp)/p ] 

If d is set to zero, indicating that reinstatement is perfect, 

th e likelihoo d rati o r e d u c e s t o tha t  prev ious l y de r i ve d a n d 

th e 0 0 an d 0 1 matche s hav e n o impact . 
Anothe r  wa y i n whic h w e migh t  expec t  th e reinstate d 

contex t  t o diffe r  fro m tha t  a t  stud y woul d occu r  whe n th e 

tes t  contex t  mus t  encompas s mor e tha n th e stud y context . 

For  instance ,  i n a  dua l  lis t  desig n w e migh t  expec t  tha t  th e 

subjec t  woul d for m a  reinstate d contex t  tha t  incorporate s th e 
contex t  vector s fro m bot h lists ,  particularl y i n th e inclusio n 
condition .  I n B C D M E M,  w e mode l  th e experimen t  wid e 

contex t  b y takin g th e bitwis e O R o f  th e context s fo r  eac h 

stud y list .  Th e resultin g reinstate d contex t  wil l  contai n mor e 
ones (i.e .  b e les s sparse )  tha n eithe r  o f  th e stud y lis t  context s 
and th e sparsit y wil l  decreas e i f  th e list s ar e separate d i n 

tim e (s o tha t  th e amoun t  o f  overla p decreases) .  Likewise ,  w e 
migh t  expec t  stud y lis t  context s tha t  incorporat e differen t 
task s (suc h a s th e anagram/rea d lis t  i n th e Jacoby ,  1991 , 
design )  woul d b e les s spars e tha n i f  onl y on e tas k wa s 
performed . 

The Effect of List Separation 

One o f  th e importan t  distinction s betwee n B C D M EM an d 

th e dua l  processin g approac h i s th e us e o f  a  grade d tempora l 
context .  I n B C D M E M,  tempora l  contex t  i s  represente d b y a 
vecto r  an d differen t  contex t  vector s ca n overla p t o differen t 
degrees .  List s tha t  appea r  i n clos e tempora l  proximit y wil l 
hav e a  greate r  degre e o f  overla p makin g i t  mor e difficul t  t o 
determin e whic h lis t  a n ite m appeare d in .  Unde r  th e dua l 
processin g assumptions ,  however ,  on e woul d no t  expec t  th e 
tempora l  separatio n o f  th e list s t o influenc e performance . 
The familiarit y o f  a  wor d i s insensitiv e t o whethe r  i t 
appeare d i n th e targe t  o r  non-targe t  list ,  s o on e woul d no t 

expec t  th e separatio n o f  th e list s t o affec t  performanc e whe n 
recenc y i s controlled .  Recollectio n i s relate d t o th e 
prevailin g condition s whe n a  wor d i s bein g studied .  Whil e 
one migh t  anticipat e tha t  decreasin g th e separatio n betwee n 
list s woul d increas e th e probabilit y  o f  misidentifyin g th e lis t 
i n whic h a n ite m appeared ,  t o allo w th e solutio n o f  th e P D P 
equation s i t  i s  assume d tha t  recollectio n i s neve r  i n erro r  i n 
thi s wa y (Dodso n &  Johnso n 1995) .  S o on e woul d no t 
anticipat e tha t  th e separatio n o f  th e list s woul d affec t  it . 
Consequenti> ,  th e tempora l  separatio n o f  th e list s i n th e 
proces s dissociatio n procedur e i s a n importan t  variabl e t o 

manipulat e whe n distinguishin g th e tw o approaches , 
particularl y i f  thi s i s don e i n th e absenc e o f  a  stud y tas k 
distinction . 

Hal l  (1996 )  varie d th e tempora l  separatio n betwee n th e 
list s i n a  P D P desig n b y includin g a n eight-minut e filled 
interval .  I n th e afte r  list s condition ,  subject s studie d lis t  1 , 

the n lis t  2 ,  the n spen t  eigh t  minute s solvin g a  pu/zi e tas k 

befor e bein g tested .  I n th e betwee n list s condition ,  th e 

.sequenc e wa s lis t  1  -  filled  interva l  -  lis t  2  -  test .  Th e 

Jacob y (1991 )  versio n o f  th e proces s dissociatio n procedur e 

was use d wit h inclusio n instruction s tha t  covere d bot h list s 

and exclusio n instruction s tha t  targete d lis t  two .  T h e critica l 

item s wer e thos e fro m lis t  on e an d th e desig n control s fo r 

th e recenc y o f  thes e items .  I n bot h stud y lists ,  subject s wer e 

aske d t o mak e pleasantnes s ratings .  So ,  unlik e th e Jacob y 

(1991 )  design ,  th e stud y tas k wa s constan t  acros s lists . 

Figure s 3  an d 4  sho w th e results .  Whil e th e inclusio n 

result s fo r  th e lis t  on e word s differe d ver y littl e a s a  functio n 
of  lis t  tw o placemen t  (0.82 5 verse s 0.865) ,  th e exclusio n 

probabilit y  o f  th e lis t  on e word s i s m u c h lowe r  whe n th e 
list s ar e separate d b y th e filled  interva l  tha n whe n the y 

follo w eac h othe r  (0.36 5 verse s 0.590) .  B y varyin g th e 

placemen t  o f  lis t  two .  Hal l  (1996 )  wa s abl e t o alte r  bot h th e 
familiarit y an d recollectio n o f  th e lis t  on e item s (familiarit y 

was 0.6 8 i n th e betwee n list s conditio n an d 0.82  i n th e afte r 

list s condition ,  whil e recollectio n wa s 0.4 6 i n th e betwee n 
list s conditio n an d 0.2 8 i n th e afte r  list s condition) .  Thi s 
resul t  i s  inconsisten t  wit h th e dua l  processin g framewor k 
and underline s th e importanc e o f  tempora l  context . 

T o mode l  th e manipulatio n o f  inter-lis t  interva l  i n 
B C D M EM w e allowe d th e overla p betwee n th e lis t  on e an d 
lis t  tw o contex t  vector s t o change .  Th e overla p paramete r 
was define d a s th e probabilit y  tha t  a  componen t  i s a  on e i n 
th e contex t  vector s o f  bot h list s i n th e P D P paradigm . 
Placin g th e filled  eight-minut e interva l  betwee n th e list s 

shoul d lea d t o a  lowe r  valu e o f  thi s paramete r  (i.e .  a 
decreas e i n th e similarit y o f  th e lis t  on e an d lis t  tw o contex t 
vectors) . 

Bia s m a y als o pla y a  rol e i n th e Hal l  (1996 )  results .  Al l  o f 
th e exclusio n probabilitie s ar e belo w th e correspondin g 
inclusio n probabilitie s suggestin g th e us e o f  a  mor e 
stringen t  bia s i n exclusion .  I n th e expositio n o f  th e 
B C D M EM likelihoo d rati o w e argue d tha t  prio r  odd s coul d 
be eliminate d o n th e basi s tha t  i n mos t  experiment s th e 

probabilit y  o f  a n ol d wor d i s equa l  t o th e probabilit y  o f  a 
ne w word .  W h e n inclusio n instruction s includ e bot h lists , 
th e probabilit y  tha t  a  wor d shoul d b e calle d "old "  i s highe r 
tha n i n exclusion ,  whic h onl y include s on e list .  I n Hall' s 
(1996 )  experiment ,  th e actua l  probabilitie s o f  a n ol d wor d 

wer e 0.6 6 i n th e inclusio n cas e an d 0.3 3 i n th e exclusio n 
case .  Whil e i t  i s  unclea r  h o w accurat e subject s migh t  b e a t 
estimatin g prio r  odds ,  th e result s sugges t  the y ar e playin g a 

role .  Rathe r  tha n ad d tw o n e w fre e parameter s t o mode l  th e 
prio r  odds ,  w e chos e t o se t  th e exclusio n probabilit y  t o 0.3 3 
and allo w th e inclusio n probabilit y  t o b e optimized .  A  leas t 
square s optimizatio n procedur e wa s use d t o find  paramete r 
value s an d Figure s 3  an d 4  sho w th e fits  t o th e dat a fo r  th e 
betwee n list s interva l  an d afte r  list s interva l  respectively . 

Th e parameter s o f  th e fit  wer e Inclusio n Prio r  =  0.9093 , 
Exclusio n Prio r  =  0.33 ,  learnin g rate :  r  =  0.3540 ,  m e m o r y 
noise :  p  =  0.1604 ,  sparsity :  s  =  0.02 ,  vecto r  length :  1  =  1000 , 
contex t  overlap ;  o(Between )  =  0.0099 ,  o(After )  =  0.0152 , 
contextua l  reinstatement :  d  =  0.3368 .  Th e m a x i m u m 
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absolut e differenc e wa s 0.05 6 an d th e correlatio n betwee n 

th e mode l  an d th e dat a wa s 0.993 .  So ,  B C D M EM seem s t o 

hav e capture d th e effec t  o f  tempora l  separation . 

Betwee n List s Interva l 

- ^  L I  (Data ) 
» L2(Dala ) 
*  Ne w (Data ) 

-•-L I  (Model ) 
-•-L 2 (Model ) 
-*-Ne w (Model ) 

Inclusio n Exclusio n 

Tes t  Instruction s 

Figur e 3 :  Fi t  o f  B C D M EM t o Hal l  (1996 )  dat a experimen t 

one fo r  th e Betwee n List s Interva l 
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Figur e 4 :  Fi t  o f  B C D M E M t o Hal l  (1996 )  dat a experimen t 
on e fo r  th e Afte r  List s Interva l 

Conclusion 

We hav e demonstrate d tha t  th e dua l  processin g approac h t o 
episodi c recognitio n i s  unabl e t o accoun t  fo r  th e effect s o f 
manipulatin g th e tempora l  separatio n o f  list s i n th e proces s 

dissociatio n procedure .  B C D M EM i s abl e t o mode l  thes e 
effect s primaril y becaus e i t  propose s tha t  context s b e 

modele d a s vector s an d allow s thes e vector s t o overla p t o 
varyin g degrees .  Som e construc t  o f  thi s natur e woul d see m 

necessar y i n orde r  t o provid e a n accoun t  o f  th e effect s o f 
contex t  i n episodi c recognition . 
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