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A
bstract

W
orking m

em
ory resources are needed for processing and m

aintenance of inform
ation

during cognitive tasks. M
any m

odels have been developed to capture the effects of lim
ited

w
orking m

em
ory resources on perform

ance. H
ow

ever, m
ost of these m

odels do not account

for the finding that different individuals show
 different sensitivities to w

orking m
em

ory

dem
ands, and none of the m

odels predicts individual subjects’ patterns of perform
ance. W

e

propose a com
putational m

odel that accounts for differences in w
orking m

em
ory capacity in

term
s of a quantity called source activation, w

hich is used to m
aintain goal-relevant

inform
ation in an available state. W

e apply this m
odel to capture the w

orking m
em

ory effects

of individual subjects at a fine level of detail across tw
o experim

ents. T
his, w

e argue,

strengthens the interpretation of source activation as w
orking m

em
ory capacity.
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W
orking m

em
ory provides the resources needed to retrieve and m

aintain inform
ation

during cognitive processing (B
addeley, 1986, 1990; M

iyake &
 S

hah, 1999). F
or exam

ple,

during m
ental arithm

etic one m
ust hold the original problem

 and any interm
ediate results in

m
em

ory w
hile w

orking tow
ard the final answ

er. W
orking m

em
ory resources have been

im
plicated in the perform

ance of such diverse tasks as verbal reasoning (B
addeley &

 H
itch,

1974), prose com
prehension (B

addeley &
 H

itch, 1974), sentence processing (Just &

C
arpenter, 1992), m

em
ory span (B

addeley, T
hom

pson, &
 B

uchanan, 1975), free recall

learning (B
addeley &

 H
itch, 1977), and prospective m

em
ory (M

arsh &
 H

icks, 1998). G
iven

its ubiquitous influence, the study of w
orking m

em
ory is critical to understanding how

 people

perform
 cognitive tasks.

W
orking m

em
ory resources are lim

ited, and these lim
its govern perform

ance on tasks

that require those resources. P
rior research has dem

onstrated that as the w
orking m

em
ory

dem
ands of a task increase, people’s perform

ance on the task decreases (e.g., A
nderson &

Jeffries, 1985; A
nderson, R

eder, &
 L

ebiere, 1996; B
addeley &

 H
itch, 1974; E

ngle, 1994; Just

&
 C

arpenter, 1992; S
althouse, 1992). S

althouse, for instance, had subjects perform
 four

different tasks at 3 levels of com
plexity. H

e found that as task com
plexity increased,

perform
ance decreased. M

oreover, this decrease w
as greater for older adults. T

his last finding,

that people differ in their sensitivity to the w
orking m

em
ory dem

ands of a task, is an

im
portant feature of w

orking m
em

ory results: som
e individuals are less affected by increases

in w
orking m

em
ory dem

ands than others. Just and C
arpenter (1992), for exam

ple,

dem
onstrated that differences in w

orking m
em

ory capacity account for differential sensitivity

to w
orking m

em
ory load during several language com

prehension tasks. F
urther, E

ngle

(1994) reported that differences in w
orking m

em
ory capacity predict perform

ance on a

variety of tasks including reading, follow
ing directions, learning vocabulary and spelling,

notetaking, and w
riting. W

orking m
em

ory resources, it seem
s, (a) are draw

n upon in the

perform
ance of cognitive tasks, (b) are inherently lim

ited, and (c) differ across individuals.
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S
everal com

putational m
odels of w

orking m
em

ory have been proposed. E
ach m

akes

very different assum
ptions about the structure of w

orking m
em

ory and the nature of w
orking

m
em

ory lim
itations. B

roadly speaking, the m
odels are of tw

o types: connectionist netw
orks

and production system
s. B

urgess and H
itch (1992) developed a connectionist m

odel of

B
addeley’s (1986, 1990) articulatory loop, a com

ponent of w
orking m

em
ory hypothesized

to hold verbal stim
uli for a lim

ited am
ount of tim

e. In their m
odel, item

-item
 and item

-

context associations are learned via connection w
eights that propagate activation betw

een

m
em

ory item
s and enable sequential rehearsal through a list. B

ecause these w
eights decay

w
ith tim

e, m
ore dem

anding tasks (e.g., rem
em

bering longer lists or lists of longer w
ords) tend

to propagate less activation to the m
em

ory item
s, leading to m

ore errors. P
age and N

orris

(1998a; 1998b) have also developed a connectionist m
odel of the articulatory loop. T

heir

m
odel, w

hich uses a localist representation of the list item
s, focuses on the activation of the

nodes representing the list item
s; the strength of activation for successive list item

s decreases

as a function of list position creating w
hat P

age and N
orris term

 a prim
acy gradient.

A
ctivation is assum

ed to decay during the input process if rehearsal is prevented and during

output. R
ecall is achieved by a noisy choice of the m

ost active item
; this item

 is then

suppressed to prevent its retrieval on successive recall attem
pts. In contrast, O

'R
eilly, B

raver, &

C
ohen (1999) have proposed a biologically inspired, connectionist m

odel in w
hich w

orking

m
em

ory functions are distributed across several brain system
s. In particular, their m

odel relies

on the interaction betw
een a prefrontal cortex system

, w
hich m

aintains inform
ation about the

current context by recurrently activating the relevant item
s, and a hippocam

pal system
, w

hich

rapidly learns arbitrary associations (e.g., to represent stim
ulus ensem

bles). B
oth system

s’

excitatory activation processes, how
ever, are countered by inhibition and interference

processes such that only a lim
ited num

ber of item
s can be sim

ultaneously m
aintained. T

his

lim
itation leads to decreased perform

ance in com
plex tasks. S

im
ilarly, S

chneider’s C
A

P
2

(S
chneider, 1999) m

odel also assum
es that w

orking m
em

ory functions are distributed across

m
ultiple system

s. In C
A

P
2, m

em
ory and processing occur in a system

 of m
odular processors

arranged in a m
ultilayered hierarchy. A

 single executive m
odule regulates the activity of the

system
. W

orking m
em

ory lim
its arise due to cross-talk in the com

m
unication betw

een
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m
odules, storage lim

itations in specific regions of the system
, and severe lim

its on the

executive m
odule.

A
nother approach to w

orking m
em

ory is taken by production-system
 architectures.

O
ne such architecture is E

P
IC

 (K
ieras, M

eyer, M
ueller, &

 S
eym

our, 1999; M
eyer &

 K
ieras,

1997a, 1997b). H
ere, an articulatory loop is im

plem
ented via the com

bined perform
ance of

an auditory store, a vocal m
otor processor, a production-rule interpreter, and various other

inform
ation stores. P

erform
ance of the m

odel is governed by production rules w
hich

im
plem

ent strategies for rehearsal and recall and w
hich, in turn, draw

 on the capabilities of the

other com
ponents. W

orking m
em

ory lim
itations stem

 from
 the all-or-none decay of item

s

from
 the auditory store (w

ith tim
e until decay being a stochastic function of the sim

ilarity

am
ong item

s) and from
 the articulation rate attributed to the vocal m

otor processor. A
s the

vocal m
otor processor takes the prescribed am

ount of tim
e to rehearse a given item

 (re-

adding that item
 to the auditory store), other item

s have a chance to decay (disappearing from

the auditory store), thereby producing subsequent recall errors. In contrast, S
O

A
R

 (N
ew

ell,

1990; Y
oung &

 L
ew

is, 1999) proposes that w
orking m

em
ory functions are distributed across

its long-term
 production m

em
ory, w

hich stores perm
anent know

ledge, and its dynam
ic

m
em

ory, w
hich stores inform

ation relevant to the current task. U
nlike m

any other m
odels of

w
orking m

em
ory, S

O
A

R
 assum

es no lim
it on its dynam

ic m
em

ory (the com
ponent m

ost

com
m

only identified w
ith w

orking m
em

ory). L
im

itations in S
O

A
R

 are prim
arily due to

functional constraints; the assum
ption is that individuals differ in term

s of past experience

and, therefore, they also differ in term
s of the acquired know

ledge that can be draw
n upon to

perform
 a task. Y

oung and L
ew

is also suggest that S
O

A
R

’s dynam
ic m

em
ory m

ay only be

able to hold tw
o item

s w
ith the sam

e type of coding (e.g., phonological, syntactic). T
his

constraint allow
s S

O
A

R
 to capture som

e lim
itations (e.g., sim

ilarity-based interference) not

possible w
ith functional constraints alone.

A
n im

portant advantage com
m

on to these com
putational approaches is that each

presents a theory of w
orking m

em
ory in a rigorous enough form

 to enable quantitative

com
parisons w

ith hum
an data. Indeed, despite the w

ide variety of approaches, all of these

m
odels have successfully accounted for assorted w

orking m
em

ory effects at the group level
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(i.e., aggregated across subjects). A
s noted above, how

ever, w
orking m

em
ory capacity differs

from
 person to person, and these differences can result in very different patterns of

perform
ance. T

hus, a com
plete m

odel of w
orking m

em
ory should be able to capture not only

aggregate w
orking m

em
ory effects but also individual subjects’ different sensitivities to

w
orking m

em
ory dem

ands. Just and C
arpenter (1992) m

odeled different patterns of

perform
ance in groups of subjects w

ith low
, m

edium
, or high capacity by assum

ing different

caps on the total am
ount of activation in the system

. T
his w

as an im
portant step in the

com
putational m

odeling of individual differences in w
orking m

em
ory capacity.

W
e build upon this approach and explore a fully individualized  com

putational

m
odeling account of w

orking m
em

ory capacity differences that shares som
e sim

ilarities w
ith

other activation accounts of w
orking m

em
ory (e.g., B

urgess &
 H

itch, 1992; Just &
 C

arpenter,

1992; P
age &

 N
orris, 1998a, 1998b; O

’R
eilly et al, 1999). O

ur m
ain goal is to show

 that a

single m
odel—

w
ith an adjustable individual differences com

ponent—
can capture the

perform
ance of individual subjects and that the m

odel’s predictions relate to other m
easures

of subjects’ w
orking m

em
ory capacity. S

everal new
 features distinguish our approach. F

irst,

w
e are m

odeling perform
ance at the individual subject level. T

his is necessary if one w
ants to

show
 that a m

odel is able to capture individuals’ actual patterns of perform
ance and not just a

m
ixture of several individuals’ differing patterns. T

hus, our approach is qualitatively different

from
 aggregate or subgroup analyses, w

hich suffer in varying degrees from
 the perils of

averaging over subjects (cf. S
iegler 1987). S

econd, w
e attem

pt to capture individual subjects’

perform
ance at a detailed level, m

odeling several perform
ance m

easures collected under

varying task dem
ands. T

hird, w
e collect data w

ithin a paradigm
 w

here w
e try to reduce the

im
pact of other differences betw

een subjects such as prior know
ledge, strategic approaches,

and self-pacing of activities. In this w
ay, the observed variations in perform

ance are m
ore

likely attributable to differences betw
een subjects in their cognitive processing resources, e.g.,

w
orking m

em
ory resources. F

ourth, w
e develop our individual-differences m

odel of w
orking

m
em

ory w
ithin an existing cognitive architecture, A

C
T

-R
 (A

nderson &
 L

ebiere, 1998). T
his

architecture offers both a set of basic m
echanism

s w
hich constrain how

 w
orking m

em
ory can

be m
odeled and a set of prior results suggesting that these m

echanism
s provide an adequate
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account of people’s cognitive processing across a variety of tasks. M
ore specifically, a variant

of the w
orking m

em
ory m

odel w
e explore in this paper has already been tested in its ability

to sim
ulate aggregate perform

ance in a different w
orking-m

em
ory-dem

anding task

(A
nderson et al., 1996).  T

hus, the current paper focuses not on how
 the m

odel accounts for

various w
orking m

em
ory effects per se  but rather on how

 this single m
odel of w

orking

m
em

ory can capture the variation am
ong subjects in their w

orking m
em

ory perform
ance,

w
hile m

aintaining its basic structure.

M
odeling W

orking M
em

ory in A
C

T
-R

A
C

T
-R

 com
bines a procedural and declarative m

em
ory in a single fram

ew
ork capable

of m
odeling a w

ide variety of cognitive tasks. P
rocedural know

ledge in A
C

T
-R

 is represented

as a set of independent productions, w
here each production is of the form

 “IF
 <

condition>
,

T
H

E
N

 <
action>

.” T
he firing of productions is governed by the current goal, w

hich acts as a

filter to select only those productions relevant to the current task. A
m

ong the relevant

productions, only the one deem
ed m

ost useful is fired. D
eclarative know

ledge, in contrast, is

represented as a netw
ork of interconnected nodes or chunks. E

ach node has an activation

level that governs its accessibility: the higher a node’s activation, the m
ore likely and m

ore

quickly it is accessed. N
ode activation is increased w

hen a node is accessed and decreases as

tim
e passes w

ithout further stim
ulation. T

his kind of activation is called base-level activation

and it reflects practice and forgetting effects. T
he activation of a node is also increased if it is

relevant to the current goal, a special declarative node that represents the person’s focus of

attention. T
here is a certain am

ount of activation called source activation that flow
s from

 the

current goal to related nodes to m
aintain them

 in a m
ore active state relative to the rest of

declarative m
em

ory. O
nly one goal is active at any given tim

e; if a subgoal is set, it becom
es

the new
 current goal and hence the focus of attention.

T
ake the exam

ple of a person w
hose current goal is to find the sum

 of 3 and 4. In this

case, 3 and 4 are item
s in the focus of attention and source activation flow

s from
 these nodes

to other related nodes in declarative m
em

ory. T
his m

akes those related nodes m
ore active

relative to the rest of declarative m
em

ory, m
aking them

 m
ore likely to be retrieved. B

ecause

the node encoding the fact that 3+
4=

7 is related to both 3 and 4, it w
ill receive source
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activation from
 both item

s in the focus of attention, leading it to be m
ost likely to be

retrieved. T
hus, source activation plays the role of producing context effects: the fact 3+

4=
7

is m
ore activated w

hen 3 and 4 are in the focus of attention. If the task being perform
ed is

com
plex (e.g., m

any pieces of inform
ation are relevant to the goal), the source activation

m
ust be spread thinly, and each relevant node w

ill receive less source activation. T
his m

akes

the relevant inform
ation less distinct and less easily accessed. A

s a result, perform
ance suffers.

C
antor and E

ngle (1993) suggested that w
orking m

em
ory lim

its could be m
odeled in

A
C

T
* (an A

C
T

-R
 predecessor) as a lim

it on the num
ber of item

s that could be m
aintained in

an active state relative to the rest of declarative m
em

ory. T
his is precisely the function of

source activation in A
C

T
-R

: it increases, to a lim
ited degree, the activation of context-related

item
s. A

nderson et al. (1996) form
ally im

plem
ented and tested this conceptualization of

w
orking m

em
ory w

ith a w
orking A

C
T

-R
 sim

ulation. In their study, subjects w
ere required to

hold a digit span for later recall w
hile solving an algebraic equation. B

oth the size of the span

and the com
plexity of the equations w

ere m
anipulated. A

lso, in som
e cases, digits from

 the

m
em

ory span had to be substituted for sym
bols in the equation. R

esults show
ed that, as either

of the subtasks becam
e m

ore difficult, perform
ance on both decreased. In particular, for both

the accuracy and latency of equation solving, the effects of span size w
ere greater w

hen

subjects had to perform
 a substitution.

In the A
nderson et al. (1996) m

odel, a fixed am
ount of source activation w

as shared

betw
een the tw

o com
ponents of their task—

m
aintaining the item

s of the m
em

ory span and

solving the equations. A
s either of the subtasks becam

e m
ore com

plex, source activation w
as

m
ore thinly spread am

ong a greater num
ber of relevant nodes, decreasing perform

ance.

Q
uantitative predictions of the m

odel provided a good fit to m
any perform

ance m
easures

(e.g., accuracy on both subtasks and latency on problem
 solving) across tw

o experim
ents.

T
hus, an A

C
T

-R
 m

odel w
ith a lim

it on source activation reproduced tw
o of the three key

features of w
orking m

em
ory resources: (a) they are draw

n upon in the perform
ance of

cognitive tasks, and (b) they are inherently lim
ited. T

he third feature, that w
orking m

em
ory

resources differ in am
ount across individuals, w

as not addressed. T
o account for the third

feature, L
ovett, R

eder, and L
ebiere (1999) hypothesized that the lim

it on source activation
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m
ay differ am

ong individuals and that this difference accounts for individual differences in

w
orking m

em
ory capacity. A

ccording to this view
, a larger w

orking m
em

ory capacity is

represented by a larger am
ount of source activation w

hich, in turn, can activate m
ore goal-

relevant inform
ation, thereby facilitating perform

ance.

M
odeling Individual D

ifferences in A
C

T
-R

T
o describe how

 w
orking m

em
ory differences can be incorporated in A

C
T

-R
, it is

helpful to have a m
ore detailed, quantitative specification of the theory. A

s previously

described, the A
C

T
-R

 architecture (A
nderson &

 L
ebiere, 1998) is a production system

 that

acts on a declarative m
em

ory. T
he know

ledge in declarative m
em

ory is represented as

schem
a-like structures called chunks. A

 single chunk consists of a node of a particular type

and som
e num

ber of slots that encode the chunk’s contents. F
igure 1, for instance, depicts a

chunk that encodes a m
em

ory of the digit 7 appearing in the first position of a list presented

on the current trial. T
his chunk has three slots: one to store the identity of the to-be-

rem
em

bered item
, one to store the item

’s position w
ithin the list, and one to store som

e tag

that identifies the trial on w
hich that list occurred. R

etrieval of a chunk is based on its total

activation level. T
his level is the sum

 of the chunk’s base-level activation (i.e., activation level

based on its history of being accessed) and the total am
ount of source activation it receives

from
 elem

ents currently in the goal, or focus of attention. T
otal chunk activation is given by:

ji

nj
i

i
S
n W

B
A

∑
=

+
=

1
E

quation 1

w
here A

i  is the total activation of chunk i and B
i  is the base-level activation of chunk i. W

, of

course, is source activation and it is divided equally am
ong the n filled slots in the goal

chunk. T
he S

ji s are the strengths of association betw
een chunks j and i. F

or exam
ple, w

hen the

current goal is to recall the item
 in the first position of the current trial’s list, the chunk in

F
igure 1 receives source activation from

 “first” and “current” in the goal m
aking this

chunk m
ore activate than if it w

ere not related to the current goal.

T
he total activation of a chunk determ

ines the probability of its retrieval as given by

the follow
ing:
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Probability of retrieving chunk i=
+

−
−

1
1

e
A

s
i

(
)/

τ
E

quation 2

w
here A

i  is, as before, the total activation of chunk i, τ is the retrieval threshold, and s is a

m
easure of the noise level affecting chunk activations.

If a chunk’s total activation (w
ith noise) is above the threshold τ, its latency of

retrieval as given by the follow
ing:

F
e
fA

i
−

=
i

chunk 
 

retrieve
 

L
atency to

E
quation 3

w
here F

 and f are constants m
apping A

i  onto latency. If the total activation falls below

threshold, the m
odel com

m
its an error of om

ission. E
rrors of com

m
ission are produced by a

partial m
atching m

echanism
 that w

ill be discussed later.

T
o review

, the critical insight offered by A
nderson et al. (1996) is that the

perform
ance of this m

odel is lim
ited by a fixed am

ount of source activation, W
. A

 default

value of 1.0 for W
 w

as adopted by A
nderson et al. as a scale assum

ption. A
s discussed above,

how
ever, this m

odel does not account for individual differences in w
orking m

em
ory

capacity. E
xtending this fram

ew
ork, L

ovett et al. (1999) hypothesized that individual

differences in w
orking m

em
ory capacity could be represented by different values for W

. T
o

capture individual differences, W
 is not fixed at 1.0 (as in A

nderson et al.) but rather varies to

represent the particular am
ount of source activation for each individual. T

he distribution of

these W
 values across a population w

ould be expected to follow
 a norm

al distribution

centered at 1.0.

P
utting these equations together, one can see how

 perform
ance is influenced by the

value of a particular individual’s W
. T

he higher W
, the higher a chunk’s total activation

(E
quation 1), especially relative to chunks not related to the goal (S

ji ’s =
 0). T

his activation in

turn im
pacts the probability and speed of a successful retrieval of goal-relevant inform

ation

(E
quations 2 and 3). H

ence, the m
odel predicts that an individual w

ith a larger value of W
 w

ill

be able to retrieve goal-relevant inform
ation m

ore accurately and m
ore quickly than w

ill an

individual w
ith a sm

aller value of W
. Indeed, such accuracy and speed advantages not only

affect the subject’s final overt perform
ance but can produce additional, indirect benefits as

w
ell. F

or exam
ple, w

hen W
 is larger, the rehearsal of each item

 in a m
em

ory list w
ill m

ore



W
orking M

em
ory

11

likely succeed (i.e., strengthen the correct item
) and w

ill com
plete in a shorter period of tim

e.

T
his m

eans that in speeded tasks requiring rehearsal, m
ore rehearsals can be accom

plished in

the lim
ited tim

e w
hen W

 is larger, producing even greater subsequent recall.

It should be em
phasized that differences in W

 reflect differences in a particular kind

of attentional activation, spreading from
 the filled slots in the goal, not in total activation per

se. A
lthough individual differences in the am

ount of source activation, W
, can result in

differences in total activation of the system
, the im

portant influence of W
 is on the ability to

differentially activate goal-relevant inform
ation relative to non-goal-relevant inform

ation.

T
hus, the larger W

, the better this ability, and the m
ore likely goal-relevant chunks w

ill be

correctly retrieved. M
oreover, this relationship betw

een W
 and perform

ance is com
plex (e.g.,

W
 influences not only perform

ance effects but also various indirect learning effects such as

the rehearsal effect just m
entioned) and nonlinear (e.g., a sm

all change in W
 in E

quation 1

affects A
i  w

hich, in turn, has an exponential effect on latency in E
quation 3). N

evertheless,

w
ith com

putational m
odeling techniques it is possible to estim

ate an individual’s W
 from

m
easures of perform

ance, provided the m
easures m

eet the criteria discussed in the next

section.

C
hallenges of T

his A
pproach

T
here are som

e practical difficulties that m
ust be addressed before applying a

com
putational m

odeling approach to estim
ate individuals’ w

orking m
em

ory capacities. T
he

m
ain challenge is finding a task that em

phasizes individual differences in w
orking m

em
ory

and reduces the im
pact of other individual differences on perform

ance. P
erform

ance on

cognitive tasks is affected by a num
ber of factors besides w

orking m
em

ory capacity. T
hese

include prior know
ledge of relevant procedures and strategies and possession of related facts.

T
raditionally, w

orking m
em

ory capacity has been m
easured using sim

ple span tasks in w
hich

subjects attem
pt to recall ever-lengthening strings of sim

ple stim
uli (e.g., letters or digits) until

recall fails. T
he use of com

pensatory strategies, how
ever, has been show

n to contam
inate

m
easures of w

orking m
em

ory capacity derived from
 sim

ple span tasks (T
urner &

 E
ngle,

1989). A
 further concern in estim

ating w
orking m

em
ory capacity is the influence of different

individuals’ task-specific know
ledge on their perform

ance. T
o cite an extrem

e case, C
hase
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and E
ricsson (1982) described a subject w

ith a digit span of m
ore than 80 digits (com

pared

to a norm
al span of approxim

ately 7 item
s). T

his feat w
as accom

plished in part because the

subject, a runner, w
as able after extensive practice to recode the digits into groups based on

personally m
eaningful running tim

es. T
hus, know

ledge of relevant procedures and related

facts enabled C
hase and E

ricsson’s subject to overcom
e norm

al w
orking m

em
ory lim

itations.

T
o obtain valid m

easures of w
orking m

em
ory capacity, then, requires a task that can be

com
pleted in only one w

ay and is equally unfam
iliar to all the subjects.

T
o avoid the difficulties of traditional span tasks, L

ovett et al. (1999) developed a

m
odified d igit span (M

O
D

S
) task. T

he task is a variant of the task developed by O
akhill and

her colleagues (e.g., Y
uill, O

akhill &
 P

arkin, 1989). In each trial of the M
O

D
S

 task, subjects

are presented strings of digits to be read aloud in synchrony w
ith a m

etronom
e beat and are

required to rem
em

ber the final digit from
 each string for later recall. S

pecifically, a set of

boxes appears on the screen indicating the length of the digit strings for the current trial.

E
ach digit appears one at a tim

e on the screen, in the box corresponding to its position in the

string. T
hus, subjects know

 to store and m
aintain the current digit w

hen it appears in the

rightm
ost box. A

fter a certain num
ber of digit strings are thus presented, a recall prom

pt cues

the subject to report the m
em

ory digits in the  order they w
ere presented.

T
his task is sim

ilar to the reading span task (D
anem

an &
 C

arpenter, 1980), in w
hich

subjects read a set of sentences and m
aintain the sentence-final w

ords for later recall, and the

operation span task (T
urner &

 E
ngle, 1989), in w

hich subjects solve arithm
etic expressions

paired w
ith w

ords and m
aintain the w

ords for later recall. F
or current purposes, how

ever, the

M
O

D
S

 task has several advantages. F
irst, it reduces know

ledge-based individual differences

because the procedures required for this task are equally fam
iliar to subjects in our sam

ple

(potentially m
ore so than reading com

plex sentences or solving arithm
etic expressions).

S
econd, it carefully directs the pacing of subjects’ processing so as to reduce variability

am
ong subjects in choosing their ow

n articulation rates. A
nd third, by virtue of the speed of

its pacing, the M
O

D
S

 task requires virtually continual articulation, w
hich serves to restrict

subvocal rehearsal (B
addeley, 1986, 1990) or at least m

inim
ize the use of different rehearsal
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strategies. F
inally, the inclusion of filler item

s increases the delay before recall, adding to the

w
orking m

em
ory dem

ands of the task.

L
ovett et al.’s M

odel F
itting

T
o facilitate m

easurem
ent of individual subjects’ sensitivity to varying w

orking

m
em

ory load, L
ovett et al. (1999) m

anipulated the difficulty of the task in several w
ays. F

irst,

they varied the num
ber of digits (3,4,5, or 6) to be recalled on each trial. T

hey also varied the

num
ber of digits to be read per string (4 or 6) and the inter-digit presentation rate (0.5 s or

0.7 s). E
ach subject com

pleted 4 trials in each of the 16 possible com
binations of these

conditions for a total of 64 trials.

L
ovett, et al (1999) developed an A

C
T

-R
 m

odel of this task and found that the

m
odel’s aggregate predictions, based on the default values for W

 and other param
eters,

com
pared quite favorably w

ith subjects’ actual recall accuracy. It should be em
phasized that

the initial fit they obtained w
as not based on optim

ized param
eters, yet it nicely captured the

m
ain trends in the data. T

his basic m
odel did not, how

ever, m
atch the exact quantitative

results for each condition. In addition, the standard error bars for the m
odel’s predictions

w
ere consistently sm

aller than the error bars for the subject data. T
o address these deficiencies

they then incorporated individual differences into their m
odel as discussed above.

B
ecause the hypothesis is that W

 varies across individuals, they allow
ed W

 to vary

random
ly across the 22 sim

ulation runs (each run represented one subject) but left all other

param
eters at their previous values. T

his addition of variability to the param
eter W

, intended

to sim
ulate the variability am

ong subjects, resulted in a m
uch better fit betw

een predicted and

actual recall perform
ance. S

pecifically, w
hen the m

odel w
as adjusted to include individual

differences in W
, its aggregate predictions w

ere closer to the actual data points and its error

bars m
ore closely approxim

ated those of the subjects. It should be em
phasized that this

im
proved fit w

as achieved w
ithout m

aking any changes to the basic m
odel; rather, it w

as the

addition of variability to one of the m
odel’s param

eters that im
proved both the overall

prediction (goodness of fit) and the variability of prediction (relative error bar size). F
urther,

by selecting a specific value of W
 for each individual, L

ovett et al. obtained excellent fits to

the data of individual subjects w
ho com

pleted m
ultiple sessions.
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In the rem
ainder of this paper, w

e report the results of tw
o experim

ents designed to

replicate and extend the w
ork of L

ovett et al. (1999). M
ore im

portant than these em
pirical

results, per se, w
e dem

onstrate that our m
odel—

by varying only the am
ount of source

activation W
—

can successfully account for the system
atic differences am

ong individuals in

their perform
ance of a w

orking m
em

ory task. F
urtherm

ore, w
e show

 that the m
odel captures

these individual subjects’ perform
ance at a finer level of detail than has been achieved

previously.

E
xperim

ent 1

T
he prim

ary m
otivation for E

xperim
ent 1 w

as to test the lim
its of our m

odel of the

M
O

D
S

 task. L
ovett et al. (1999) w

ere successful in m
odeling subjects’ overall perform

ance,

but w
e w

ished to determ
ine w

hether the m
odel could capture m

ore of the details of individual

subjects’ perform
ance, again w

ith only a single param
eter to capture individual differences.

O
ne aspect of perform

ance that is often exam
ined in m

em
ory tasks is accuracy of recall as a

function of serial position w
ithin the m

em
ory set. S

erial position functions are typically

bow
ed, w

ith better recall for item
s at the beginning of the list (the prim

acy effect) and for

item
s at the end of the list (the recency effect). W

e hoped that accurate predictions of

individual subjects’ serial position curves w
ould follow

 from
 the functioning of the m

odel.

A
 secondary m

otivation for E
xperim

ent 1 w
as to further refine the L

ovett et al.

(1999) version of the M
O

D
S

 task. In their study, all the stim
uli, both filler and to-be-

rem
em

bered item
s, w

ere digits. W
hile this version of the M

O
D

S
 task addresses several

concerns about traditional span tasks (e.g., variable strategy use, opportunities to rehearse),

the use of all digits m
ay have led subjects to experience interference effects from

 the filler

item
s that w

ere not captured by the m
odel. T

o m
inim

ize such interference and hence

m
axim

ize the sim
ilarity of the task representation by the subjects and the m

odel, the current

studies used letters for filler item
s and digits for to-be-rem

em
bered item

s.

M
ethodS

ubjects. T
he 22 subjects in E

xperim
ent 1 w

ere recruited from
 the P

sychology

D
epartm

ent S
ubject P

ool at C
arnegie M

ellon U
niversity. S

ubjects received credit for their

participation that partially fulfilled a class requirem
ent.
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M
aterials and D

esign. O
n each trial subjects w

ere required to read aloud 3, 4, 5, or 6

strings consisting of letters in all positions except the last position, w
hich contained a digit.

T
he task w

as, therefore, to recall m
em

ory sets of 3, 4, 5, or 6 digits. In addition to this

m
em

ory set size variable, there w
ere 2 values of string length; strings w

ere either short (2 or 3

letters per string) or long (4 or 5 letters per string)
1. T

hese variables w
ere crossed yielding 8

separate w
ithin-subjects treatm

ent conditions. S
ubjects com

pleted 8 trials in each condition

for a total of 64 experim
ental trials. T

hree practice trials preceded the experim
ental trials for

a total of 67 trials per subject. S
trings w

ere constructed of the letters a through j and the digits

0 through 9. N
o letter repeated w

ithin a string and no digit repeated w
ithin a trial. A

 single

random
 ordering of the stim

uli and conditions w
as generated and used for all subjects to

m
inim

ize differences am
ong subjects induced by stim

ulus order.

P
rocedure. S

ubjects w
ere first presented com

puterized task instructions that included

practice at the reading task. T
he experim

enter then reiterated those instructions and

em
phasized both speed and accuracy in responding. A

 trial began w
ith a R

E
A

D
Y

 prom
pt

displayed in the center of the com
puter screen. W

hen ready, subjects pressed a key to initiate

presentation of the stim
uli. T

he strings w
ere presented at a rate of 1 every 0.9

2 s for the letters

and 0.91 s for the digits. S
ubjects w

ere required to nam
e each character aloud as it appeared.

T
o help pace subjects’ articulation, a click sounded after the presentation of each character

and subjects w
ere instructed to nam

e each character aloud in tim
e w

ith the click. A
s show

n in

F
igure 2, all of the characters in a given string appeared in a single location on the screen w

ith

each new
 character replacing the one before it. C

haracters in the first string appeared in the

leftm
ost position and display of the follow

ing strings each m
oved one position tow

ard the

right. R
ecall that the digit at the end of each string (position) w

as to be stored in the m
em

ory

set. A
fter presentation of the final string, a recall prom

pt appeared on the screen along w
ith

one underscore for each digit in the m
em

ory set. T
he underscores appeared in the sam

e

locations as their respective strings. S
ubjects recalled by typing in digits on the com

puter

keyboard and w
ere required to recall the digits in order, w

ith no backtracking allow
ed.

S
ubjects could, though, skip digits that they could not rem

em
ber. F

ollow
ing recall, subjects

w
ere given feedback about the accuracy of their response: “perfect” if they recalled all the
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digits correctly, “very good” for recall of m
ore than 3 of the digits, “good” for recall of 3,

and “O
K

” if they recalled few
er than 3 of the digits. F

ollow
ing the feedback, the ready

prom
pt for the next trial appeared.

R
esults

E
m

pirical R
esults. F

or our overall m
easure of subject perform

ance, w
e used a strict

scoring criterion: F
or an answ

er to be correct, all of the digits in the m
em

ory set had to be

recalled in their correct serial position. U
sing proportion of m

em
ory sets com

pletely correct

as the dependent m
easure, subject perform

ance as a function of m
em

ory set size is show
n in

panel A
 of F

igure 3. F
or all inferential tests reported in this paper, α

 w
as set at .05. T

he effect

of m
em

ory set size w
as significant, F

 (3, 63) =
 90.80, p  =

 .0001, M
S

E
 =

 .0260. S
ubjects

recalled few
er sets com

pletely correct as the size of the m
em

ory set increased. T
he effect of

string length w
as also statistically significant, F

 (1, 21) =
 4.84, p =

 .0391, M
S

E
 =

 .0124.

S
ubjects tended to recall the digits better w

hen they read short sequences of letters than w
hen

they read longer sequences of letters. B
ecause the effect of string length w

as sm
all (.72 for

short strings and .69 for long strings), w
e elected to collapse over that factor in our m

odeling

and presentation of figures. T
he interaction of m

em
ory set size and string length w

as not

significant, F
 (3, 63) =

 2.15, p  =
 .1032, M

S
E

 =
 .0133. T

hese effects are consistent w
ith the

view
 that w

e m
anipulated w

orking m
em

ory load.

W
e also exam

ined subjects’ perform
ance by m

em
ory set size and serial position

w
ithin the m

em
ory set. T

hese data are show
n in panel B

 of F
igure 3. T

here are several

interesting points about these data. F
irst, perform

ance on the sm
aller set sizes is near ceiling.

F
urther, the serial position curves for the larger set sizes, w

here perform
ance is not on the

ceiling, show
 a pronounced prim

acy effect. T
his finding can be taken as evidence that

subjects w
ere rehearsing; typically a lack of rehearsal elim

inates the prim
acy effect (e.g.,

G
lanzer &

 C
unitz, 1966, G

lenberg et al., 1980). F
inally, the serial position functions for the

larger set sizes also show
 the expected recency effect.

M
odel fits. O

ur m
odel of the M

O
D

S
 task is a slight variation of the one developed by

L
ovett et al (1999)

3. T
he critical productions are show

n in T
able 1. C

orresponding to the tw
o

parts of the M
O

D
S

 task, there are tw
o goals in this m

odel: a goal to articulate each character
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as it appears and a goal to recall the digits from
 the current trial. T

he articulate goal contains

slots to hold the character currently in vision, an index to the current trial, the position of an

item
 w

ithin the list, and a status flag. T
he recall goal has slots indexing the current trial, the list

position to recall, and the identity of the character to recall. W
e now

 show
 the sequence of

production firings that occur as a single character, the final to-be-rem
em

bered digit of a list,

is presented. A
s w

e w
ill show

 below
, the item

s in each slot of the current goal are the sources

of source activation that flow
s to related chunks in m

em
ory.

A
t the beginning of a trial, the goal is set to articulate. T

he trial slot is filled w
ith the

current trial num
ber and the vision slot w

ith the character to be presented. A
t this point, these

tw
o com

ponents of the goal each possess half the total am
ount of source activation (or W

).

S
ource activation w

ill spread from
 each of these item

s to any related chunks in declarative

m
em

ory. T
he am

ount of source activation spread to each related chunk is governed by the

strength of association betw
een the tw

o chunks (the s
ji ’s in E

quation 1). T
he read-aloud

production fires to read the character in vision. B
ecause this production requires only a single

retrieval (the chunk for the num
ber to be read) and source activation is only shared am

ong

tw
o goal slots, articulation occurs quickly and seldom

, if ever, fails regardless of the value of

W
. T

he production then sets the status flag to indicate that articulation has been com
pleted.

B
ecause this character is a digit (as opposed to a letter, w

hich w
ould not need to be

stored), the create-m
em

ory production fires next to create a m
em

ory chunk representing that

digit in the appropriate position w
ithin the current trial (see F

igure 1). A
t this point in the

sequence 4 goal slots are filled: the trial num
ber, the character in vision, the position of the

item
 in the list, and the status flag. S

ource activation is divided evenly am
ong these 4 slots and

spreads to chunks related to those item
s. T

he last action of this production is to alter the status

flag to indicate that rehearsal can now
 occur.

If sufficient tim
e rem

ains before the next character appears, then the rehearse-

m
em

ory production fires in order to begin rehearsing the list (note that this only occurs at the

end of a string). It attem
pts to rehearse each stored m

em
ory chunk individually, starting from

the first position. T
he effects of W

 here are im
portant. T

hree goal slots are filled, including

the trial and position slots. T
w

o retrievals are required: the position chunk and the m
em

ory
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chunk for the item
 in the current position on the current list. S

ource activation spreads from

the trial and position slots in the goal to any m
em

ory chunks that have the sam
e values in

their trial and position slots. B
ecause the correct chunk m

atches on both of those values, it

receives a larger activation boost than other chunks, m
aking it m

ore likely to be retrieved.

M
oreover, this boost relative to the rest of declarative m

em
ory is larger the larger W

. T
he

governing factors for the success of the rehearsal process are the activations of the m
em

ory

chunks and the tim
e rem

aining after the digit has been articulated and stored. If the total

activation of the correct item
 does not reach threshold (w

hich could occur if the base-level

activation has decayed significantly or if W
 is spread to m

any item
s) or if the tim

e available

for rehearsal is exceeded, rehearsal w
ill fail.

B
ecause this item

 is the last digit of the last string, after rehearsal the focus of attention

is shifted to recall. T
he trial slot is filled w

ith the current trial num
ber; the other tw

o slots are

nil. U
nder these conditions, the parse-screen production fires to sim

ulate subjects encoding

this change in task and sets the position slot to first.

T
he recall goal now

 has tw
o slots filled: the trial and position slots. E

ach receives half

of the source activation and spreads it to related chunks (e.g., any m
em

ory chunk w
ith the

correct value in either its trial or position slot). T
his production requires retrieval of a chunk

on the current trial in the correct position. If this retrieval is successful, the item
 slot is filled

w
ith the identity of the to-be-recall digit and the read-item

 production “types” the recalled

item
. O

therw
ise the no-recall production fires and “recalls” a blank. T

he m
odel then

attem
pts to recall the next position in the list.

W
e fit this m

odel to the aggregate data show
n in F

igure 3. T
hus, there w

ere 22 data

points to be fit; 4 for the accuracy data show
n in panel A

 and 18 serial position points (i.e., 3

for m
em

ory set size 3, 4 for m
em

ory set size 4, etc.) from
 panel B

. F
or our m

odel fitting,

m
ost of A

C
T

-R
’s global param

eters w
ere left at their default values (see A

nderson &
 L

ebiere,

1998). A
ctivation noise (the s in E

quation 2), w
hich has no default value in A

C
T

-R
, w

as set at

the arbitrary value of 0.04. T
he action tim

e for the parse-screen production w
as set at 1.57

seconds
4. B

oth the retrieval threshold (τ in E
quation 2) and the m

ism
atch penalty (described
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below
) w

ere estim
ated to optim

ize the fit to the data. T
he values of these param

eters w
ere 0.93

and 3.08, respectively.

T
he m

ism
atch penalty param

eter is part of A
C

T
-R

’s partial m
atching m

echanism
.

T
his m

echanism
 allow

s the retrieval of a chunk that only partially m
atches the current

production pattern, thus producing errors of com
m

ission. T
he higher the m

ism
atch penalty,

the less likely a partially m
atching chunk w

ill be retrieved instead of the target chunk.

S
pecifically, each chunk i that partially m

atches the current retrieval specifications, or

production pattern, p com
petes for retrieval not based on its total activation A

i  but rather

based on an adjusted activation value called the m
atch score M

ip . T
hat is, w

hen the partial

m
atching m

echanism
 is enabled, M

ip  substitutes for A
i  in E

quations 2 and 3 above,

influencing probability and latency of retrieving chunks that do not exactly m
atch the target

chunk pattern. M
ip  is com

puted as:

ip
i

ip
M

A
M
P

sim
=

−
−

(
)

1
E

quation 4

w
here A

i  is the activation of chunk i, M
P is the m

ism
atch penalty param

eter (w
hich w

e

estim
ate), and sim

ip  is the sim
ilarity betw

een the chunk i to be retrieved and the production

pattern p. T
hus, E

quation 4 im
plies that the m

ore sim
ilar a given chunk is to the target chunk

(w
ith sim

ilarity of 1 signaling an exact m
atch), the higher its m

atch score and hence, all else

being equal, the m
ore likely it is to be retrieved. T

his bias tow
ard retrieving closely m

atching

chunks is especially strong w
hen the m

ism
atch penalty is large, because M

P
 accentuates any

lack of sim
ilarity to the target chunk. H

ow
ever, if a partially m

atching chunk happens to have

a high level of total activation A
i  or if noise in the system

 m
akes it appear so, it is possible for

that chunk to be retrieved in place of one that m
atches exactly.

G
iven the positional representation of m

em
ory chunks in the current m

odel, w
e

define these chunks as m
ore or less sim

ilar based on their relative positions. C
hunks for

adjacent positions (e.g., first and second) are m
ore sim

ilar than chunks for distant positions

(e.g., first and fifth) w
ith the degree of sim

ilarity, sim
ip , falling off exponentially as positions

are m
ore rem

ote from
 one another. T

his sim
ilarity m

etric w
as adopted from

 prior w
ork w

ithin

the A
C

T
-R

 fram
ew

ork (see A
nderson &

 L
ebiere, 1998).
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P
anel A

 of F
igure 3 show

s the m
odel’s fit to the strict accuracy m

easure. T
he m

odel’s

predictions are averaged over 30 sim
ulation runs. E

ach run had a different value of W

random
ly draw

n from
 a norm

al distribution w
ith m

ean 1.0 and variance 0.0625. T
hus w

e

have incorporated variation in this fit of the m
odel, but that variation is not tailored to the

individual differences am
ong subjects. T

he serial position data and the m
odel’s fit to those

data are show
n in panel B

 of F
igure 3. T

hese fits are certainly acceptable given that the m
odel

w
as not specifically designed to produce them

. E
xam

ination of panel B
 of F

igure 3 show
s

that the m
odel tends to overpredict the m

agnitude of the prim
acy effect. T

his m
ay be due, in

part, to the param
eters of the m

odel attem
pting to com

pensate for the subjects’ use of

rehearsal strategies that the m
odel did not have. W

e w
ill com

e back to this issue of rehearsal in

the D
iscussion section.

T
he real question, though, is w

hether w
e can m

odel data from
 individual subjects

using W
 as the only free param

eter. O
verall accuracy for four typical subjects is show

n as a

function of m
em

ory set size, along w
ith the corresponding m

odel fits, in F
igure 4. T

o obtain

these fits, w
e held all of the m

odel’s param
eters constant at the values described above except

for W
, w

hich w
e varied to capture each individual subject’s data. T

here w
ere, therefore, 24

param
eters (2 global param

eters and 22 individual W
’s) used to fit 88 data points (4 data

points for each of the 22 subjects). A
s expected, the fits are quite good and strongly support

our claim
 that variations in W

 can m
odel variations in subjects’ perform

ance of a w
orking

m
em

ory task. A
cross all the subjects, the best fitting line w

as observed =
 0.97·predicted +

0.04, R
2 =

 .88. T
his value indicates a good fit, but there is still a certain am

ount of variance

not predicted by the m
odel. A

s a com
parison, leaving W

 at the A
C

T
-R

 default of 1.0 for each

subject decreased the quality of the fit; the best-fitting line in this case w
as observed =

0.93·predicted +
 0.06, R

2 =
 .57.

W
e w

ere also interested in the m
odel’s ability to predict individual subjects’ serial

position curves. S
erial position data for the sam

e four subjects are show
n in F

igure 5. F
or

sim
plicity, only data for the largest m

em
ory set size is show

n. T
his analysis used no new

param
eters; these fits used the W

’s estim
ated in the prior analysis. T

he best fitting line across

all subjects’ serial position curves (22 subjects w
ith 18 positions for each or 396 data points)
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is observed =
 0.68·predicted +

 0.25, R
2 =

 .51. T
hese fits are good, but not as good as w

e

initially expected. T
his is a point taken up in the D

iscussion section. A
s in the case of overall

accuracy for each set size, assum
ing a W

 of 1.0 for each subject reduced the quality of the fit.

T
he best-fitting line w

ith the default W
 for each subject w

as observed =
 0.64·predicted +

 0.28,

R
2 =

 .30.

D
iscussion

W
e had several goals in E

xperim
ent 1. W

e w
anted to test our conceptualization of

w
orking m

em
ory capacity in a refined version of the M

O
D

S
 task. In particular w

e asked:

W
ould varying source activation in our m

odel enable it to m
atch not only the aggregate

results but the perform
ance of individual subjects as w

ell? W
e also w

anted to extend earlier

w
ork w

ithin this fram
ew

ork by m
odeling perform

ance at a m
ore detailed level than had been

done previously (i.e., fitting serial position curve data).

W
e found that our m

odel w
as able to capture the aggregate perform

ance data from

the M
O

D
S

 task quite w
ell. W

ith its lim
itation to source activation, the m

odel—
like

subjects—
show

ed w
orse perform

ance as m
em

ory load increased. F
urther, the m

odel w
as able

to capture the prim
acy and recency effects observed in the aggregate serial position curves,

although not perfectly. M
ore im

portant than these aggregate fits, how
ever, w

e found that

varying a single param
eter W

 allow
ed the m

odel to capture individual differences in subjects’

perform
ance of the M

O
D

S
 task. It should be noted that the m

odel’s fit to individual subject’s

accuracy data w
as quite good in that it captured subjects’ different shapes of the perform

ance

curve as a function of m
em

ory set size. T
hus our m

odel captures one of the principle

findings in the w
orking m

em
ory literature: people are differentially sensitive to increases in

m
em

ory load.

T
he m

odel’s fit to the individual subjects’ serial position functions, how
ever, w

as not

quite as good as w
e had anticipated. A

s w
e stated earlier, fitting a m

odel to individual subject

data at this level of detail (i.e., 18 data points per subject) requires a strong alignm
ent betw

een

the m
odel’s processing and each subject’s. T

hus, finding sub-par fits for the individuals’

serial position curves led us to re-evaluate how
 w

ell w
e had achieved this alignm

ent. O
ne of

the em
pirical results from

 this experim
ent is relevant: A

 quite pronounced prim
acy effect in
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the serial position curves (especially for large m
em

ory sets) indicated that subjects w
ere able

to do substantial rehearsing. M
oreover, by referring to subjects’ post-experim

ental reports, w
e

found that m
any subjects in this experim

ent used quite sophisticated rehearsal strategies (e.g.,

relating pairs of digits to friends’ ages, relating digit triplets to area codes or local phone

exchanges, etc.). T
he prevalence of these sophisticated strategies did not m

atch our

expectations and, m
ore im

portantly, it does not m
atch the m

odel’s processing. W
hile our

m
odel included rehearsal, it only used a sim

ple “run-through” of the individual m
em

ory

elem
ents at the end of each string; it w

as not endow
ed w

ith a capability for storing digits in

term
s of fam

iliar groups or generating elaborations. T
hus, w

ith subjects developing

sophisticated rehearsal strategies relative to the m
odel’s, it is not surprising that there w

as

som
e discrepancy betw

een the subjects’ perform
ance and the m

odel’s predictions—
different

types of processing w
ere being used. B

ut, w
hy did this difference arise? O

ur goal had been to

m
inim

ize subjects’ ability to involve prior know
ledge.

A
fter checking the experim

ental protocol and equipm
ent, w

e determ
ined that

subjects’ ability to develop and use such elaborate strategies w
as m

ost likely due to the fact

that the com
puters used in the current experim

ent produced an unintendedly long inter-item

delay. S
pecifically, w

e found that the com
puters w

ere slow
 in loading and playing the sound

file used to pace subjects’ articulation. A
s a result, our nom

inal 0.5 s inter-stim
ulus interval

w
as inadvertently lengthened to 0.9 s. T

hus, subjects had sufficient tim
e to execute their

rehearsal strategies and probably benefited greatly from
 it. In contrast, the m

odel w
as

constrained to use this sam
e (long) inter-stim

ulus interval to execute a m
uch sim

pler (and

probably less effective) rehearsal strategy. W
hen w

e fit the m
odel to the data, how

ever, the

global param
eters M

P
 and τ w

ere allow
ed to vary to get our m

odel’s aggregate predictions

close to the subjects’ data. It is quite possible that these param
eters’ values helped the m

odel

com
pensate for its sim

pler rehearsal strategy so it w
ould predict perform

ance at a level

com
m

ensurate w
ith subjects’. It also helps explain w

hy the m
odel tended to overpredict the

m
agnitude of the prim

acy effect in subjects’ serial position curves.

T
his is not to say, how

ever, that m
odeling sophisticated rehearsal strategies is

im
possible in the current fram

ew
ork (cf. A

nderson &
 M

atessa, 1997). R
ather, given that our
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focus is on individual differences in w
orking m

em
ory capacity, rather than in strategies, w

e

took a different tack: sim
ply correct the tim

ing issue and verify that w
hen subjects are only

able to use a sim
ple rehearsal strategy (consistent w

ith the m
odel’s), the fits to the serial

position data w
ill be better. T

his w
as one of the m

ain goals for E
xperim

ent 2.

E
xperim

ent 2

E
xperim

ent 2 w
as designed to control the ability of subjects to engage in

idiosyncratic rehearsal strategies by holding the presentation rate at the desired value of 1

character every 0.5 s. T
his should reduce the use of rehearsal and thereby im

prove the

predictive pow
er of our m

odel, w
hich assum

es only a sim
plified rehearsal routine.

M
ethodS

ubjects. F
or E

xperim
ent 2 w

e recruited 29 subjects from
 the P

sychology D
epartm

ent

S
ubject P

ool at C
arnegie M

ellon U
niversity. B

ecause w
e expected, based on prior w

ork

(R
eder &

 S
chunn, 1999; S

chunn &
 R

eder, 1998) that W
 w

ould be correlated w
ith scores on

the C
A

M
 inductive reasoning subtest (K

yllonen, 1993, 1994, 1995) and because w
e w

anted a

w
ide range of W

 values, w
e recruited individuals based on their C

A
M

 scores. S
pecifically, w

e

tried to recruit individuals w
ith both high and low

 scores
5. A

ll subjects received a large candy

bar and credit for their participation that partially fulfilled a class requirem
ent.

P
rocedure. T

he M
O

D
S

 task used in E
xperim

ent 2 w
as an exact replication of the

E
xperim

ent 1 design, except that the inter-stim
ulus interval w

as corrected to 0.5 s.

R
esults and D

iscussion

E
m

pirical R
esults. A

s in E
xperim

ent 1, w
e used a strict scoring criterion for our

overall m
easure of subject perform

ance. A
ll of the digits in the m

em
ory set had to be recalled

in their correct serial position for an answ
er to be correct. U

sing proportion of m
em

ory sets

com
pletely correct as the dependent m

easure, subject perform
ance as a function of m

em
ory

set size (collapsed across string length) is show
n in panel A

 of F
igure 6. T

he m
ain effect of

m
em

ory set size w
as significant, F

 (3, 72) =
 189.89, p  =

 .0001, M
S

E
 =

 .0261. S
ubjects

recalled few
er sets com

pletely correct as the size of the m
em

ory set increased. T
he effect of

string length, how
ever, w

as not statistically significant, F
 (1, 24) =

 1.07, p =
 .3114, M

S
E

 =

.0164. W
e take this finding as further justification for averaging over this factor in our
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m
odeling efforts, as w

e did in E
xperim

ent 1. A
s in E

xperim
ent 1, the interaction of m

em
ory

set size and string length w
as not significant, F

 (3, 72) =
 1.74, p =

 .1661, M
S

E
 =

 .0149. In

general, the recall levels in E
xperim

ent 2 are low
er than those in E

xperim
ent 1, suggesting

that w
e w

ere successful in reducing subjects’ use of rehearsal.

T
he serial position curves for E

xperim
ent 2 are show

n in panel B
 of F

igure 6. S
everal

differences betw
een these curves and those show

n in F
igure 2 are readily apparent. F

irst,

perform
ance on the sm

aller set sizes is pulled aw
ay from

 the ceiling, reflecting the fact that

subjects in E
xperim

ent 2 w
ere unable to rehearse as effectively as in E

xperim
ent 1. S

econd,

the prim
acy effects in E

xperim
ent 2 are m

uch sm
aller than those in E

xperim
ent 1. T

his

further supports the notion that subjects’ rehearsal w
as reduced in E

xperim
ent 2. M

oreover,

subjects in E
xperim

ent 2 reported being unable to engage in anything other than sim
ple

rehearsal, a strategy just like the m
odel’s. T

ogether, these findings suggest that w
e w

ere

successful in elim
inating or reducing the use of rehearsal in E

xperim
ent 2.

M
odel fits. T

he data from
 E

xperim
ent 2 w

ere fit using the sam
e m

odel used in

E
xperim

ent 1. A
s before, m

ost of A
C

T
-R

’s global param
eters w

ere left at their default values.

A
ctivation noise w

as m
aintained at the arbitrary value of 0.04 used in our m

odeling from

E
xperim

ent 1. T
hree param

eters w
ere estim

ated to optim
ize the fit to the data. T

he retrieval

threshold and the m
ism

atch penalty w
ere estim

ated to be .19 and 1.87, respectively. T
he

action tim
e for the parse-screen production w

as estim
ated at 1.57 seconds, and this value w

as

also used in E
xperim

ent 1.

P
anel A

 of F
igure 6 show

s the m
odel’s fit to the data, collapsed across the string

length variable. T
he m

odel’s fit to the serial position data is show
n in panel B

 of F
igure 6.

T
hese fits are som

ew
hat better than the corresponding fits in E

xperim
ent 1, m

ost likely due to

the greater control over rehearsal in E
xperim

ent 2. A
s before, though, our m

ain interest is in

the individual subject fits.

A
ccuracy as a function of m

em
ory set size for 4 representative subjects is show

n in

F
igure 7. A

lso show
n are the m

odel’s predictions for those subjects. T
hese predictions w

ere

obtained using 32 param
eters (3 global param

eters and 29 individual W
’s) to fit 116 data

points (4 data points for each of the 29 subjects). T
he best-fitting line over all subjects is
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observed =
 1.12·predicted +

 -0.07, R
2 =

 .92. A
s w

ith the aggregate data, greater control over

strategy use has im
proved the fits som

ew
hat; the corresponding R

2 from
 E

xperim
ent 1 w

as

.88. In com
parison, if W

 is set to 1.0 for every subject the best-fitting line is observed =

1.10·predicted +
 -0.02, R

2 =
 .66. T

he im
provem

ent in R
2 is even m

ore dram
atic in the fits to

individual subjects’ serial position functions. E
xam

ples of the fits to the largest set size data

for the sam
e 4 subjects as in F

igure 7 are show
n in F

igure 8. T
hese fits required no new

param
eters; w

e sim
ply used the W

’s estim
ated in the prior analysis. O

ver all subjects and all

set sizes the best-fitting line is observed =
 0.87·predicted +

 0.08, R
2 =

 .72. In E
xperim

ent 1,

the corresponding R
2 w

as only .51. It appears, then, that w
e w

ere successful in controlling the

use of strategies by our subjects and that this greater control has im
proved the predictive

pow
er of our m

odel. A
gain, assum

ing a W
 of 1.0 for every subject reduces the quality of the

fits com
pared to adopting individual W

’s; the best-fitting line is observed =
 0.92·predicted  +

0.09, R
2 =

 .57.

A
lternative A

ccounts of W
orking M

em
ory

W
hile w

e have presented evidence that supports our conceptualization of w
orking

m
em

ory as source activation, there are other accounts of w
orking m

em
ory that could be

devised w
ithin the A

C
T

-R
 fram

ew
ork. T

hat is, there are other continuously valued param
eters

in A
C

T
-R

 that m
odulate perform

ance and that, conceivably, could capture individual

differences in w
orking m

em
ory capacity. In this subsection w

e explore tw
o plausible

candidates.

O
ne possibility is that subjects differ, not in their am

ount of source activation, but in

the rate at w
hich the activation of individual chunks decays. T

his view
 is consistent w

ith

B
addeley’s (1986) w

orking m
em

ory m
odel in w

hich the capacity of the articulatory loop is

lim
ited by the rate of decay. B

ecause the probability and latency of retrieval are dependent

on activation (E
quations 2 and 3), if tw

o individuals differ in how
 quickly activation decays,

they w
ill also differ in the speed and accuracy of their retrieval after sim

ilar retention intervals

(as in the M
O

D
S

 task). Item
s w

ith fast-decaying activations can be m
aintained via rehearsal,

but if an individual’s decay rate is fast enough, it is possible that activation levels w
ill decay
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below
 threshold before the opportunity to rehearse occurs. W

hen this is the case, perform
ance

w
ill be seriously degraded.

In A
C

T
-R

, the decay rate affects activation through a chunk’s base-level activation.

R
ecall from

 E
quation 1 that base-level activation is added to source activation to determ

ine a

chunk’s total activation. T
he base-level activation of chunk i, the B

i  in E
quation 1, is given

here in m
ore detail by:

i
j d

j n

B
t

=
+

−

=
∑

ln(
)

1

β
E

quation 5

w
here β

 is the chunk’s initial base-level activation. In m
ost A

C
T

-R
 sim

ulations, including

ours, β
 is set to 0. T

he tj ’s m
easure the tim

e lag betw
een the present and each of the n past

encounters w
ith the chunk. T

hus, base-level activation depends on the sum
 of these

individually decaying activation bursts, w
ith each burst occurring w

ith a single access of the

chunk. T
he param

eter d is the decay rate. It is usually set at 0.5 in A
C

T
-R

 sim
ulations, but it

is conceivable that individuals could differ in their decay rates. T
hat is the hypothesis w

e w
ish

to test as an alternative to our source activation hypothesis.

T
o test w

hether differences in decay rate could predict individual subjects’

perform
ance on the M

O
D

S
 task, w

e adopted a m
ethod analogous to that by w

hich w
e tested

W
. W

e held all global param
eters except d constant at the optim

al values obtained by fitting

the aggregate data and allow
ed d to vary around the default value of 0.5. W

e then estim
ated

the best-fitting value of d for each subject. A
cross all subjects and all m

em
ory set sizes, the

best-fitting line for the proportion of strings correctly recalled w
as observed =

 1.23·predicted

+
 -0.07, R

2 =
 .85. T

he R
2 value for our W

-varying m
odel w

as .92. T
hough the difference in R

2

is in favor of the W
-varying m

odel, the difference is sm
all and not very com

pelling. H
ow

ever,

F
igure 9, w

hich presents serial position data from
 the largest set size for 4 subjects

6, show
s that

the d-varying m
odel cannot capture the individual subjects’ serial position functions w

ell.

T
he best-fitting line is observed =

 .56·predicted +
 .23, R

2 =
 .23. T

he corresponding value for

our W
-varying m

odel is .72. T
he difference in the fits is largely due to the fact that the serial

position curves w
ith d varying tend to be the w

rong shape. F
or values of d below

 the default

value of 0.5, recall perform
ance is near ceiling: T

he activations of chunks sim
ply do not drop
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below
 threshold. A

s d increases from
 the default, the m

odel predicts w
orse recall for the item

s

at the beginning and end of the list. T
he first item

s are poorly recalled because they m
ust

endure the longest retention interval (i.e., they are stored first and m
ust be m

aintained w
hile

the rem
aining strings are presented). W

ith this long tim
e lag until recall, a high decay rate

causes the first item
s’ activations to drop below

 threshold, and the m
odel fails to retrieve these

item
s. T

he final list item
, how

ever, has the shortest retention interval and hence a very high

level of activation at recall. If all retrievals identified the exact chunk being sought (i.e., the

fifth m
em

ory item
 for the fifth recall position), this w

ould im
ply a large recency effect.

H
ow

ever, the m
odel’s partial m

atching m
echanism

 allow
s it to incorrectly retrieve a m

em
ory

item
 from

 the w
rong position in the list w

hen the item
’s adjusted activation is high enough

(see E
quation 4). B

ecause this is true for the final item
, it tends to be erroneously recalled in

place of earlier item
s. O

nce the final item
 is recalled for an earlier position in the list, it is

“ineligible” for recall again in its proper position m
aking correct recall of the final digit

extrem
ely low

. B
ecause this pattern of retrieval across positions does not m

atch the data, w
e

conclude that individual differences in decay rate do not account for differences in

perform
ance on the M

O
D

S
 task.

A
nother plausible account of perform

ance differences is that different subjects could

adopt different retrieval thresholds. A
 conservative subject w

ith a high threshold w
ould

display low
er overall accuracy than w

ould a subject w
ith a m

ore lenient, low
er retrieval

threshold. T
o test this account w

ithin the A
C

T
-R

 fram
ew

ork, w
e again varied only the

param
eter of interest, the retrieval threshold, around the value of .19, w

hich w
as obtained

from
 fitting the m

odel to the aggregate data. A
ll other param

eters w
ere fixed at the optim

al

values. F
or the proportion of strings correctly recalled as a function of m

em
ory set size, the

best-fitting line is observed =
 1.13·predicted  +

 -.0002, R
2 =

 .90. T
his value is only slightly less

than the R
2 of .92 for W

, and the difference is again not very convincing. F
or a m

ore

discrim
inating test of the m

odel’s ability to fit individual subjects by varying its retrieval

threshold, w
e look to the serial position data. F

igure 10 presents the serial position data for 4

representative subjects. T
he best-fitting line for these data is observed =

 .64·predicted  +
 .21,

R
2 =

 .35. T
he corresponding R

2 for the W
-varying m

odel is .72, indicating that the W
-varying

W
orking M

em
ory

28

m
odel captures m

uch m
ore of the variability in the data. A

s w
as the case w

hen the decay rate

w
as varied, changing the retrieval threshold results in behavior that does not m

atch the pattern

of subjects’ behavior. L
ow

ering the threshold allow
s for m

ore retrievals, but m
any of these

are retrievals of incorrect chunks, resulting in a serial position curve that is low
 on the ends

and high in the m
iddle. In contrast, raising the threshold results in recall of only highly

activated item
s. T

hese tend to be the first and last item
s, the first because its activation likely

received a boost from
 rehearsal and the last because its activation has not yet decayed. It

seem
s reasonable, therefore, to conclude that, am

ong the alternatives considered, conceiving

of w
orking m

em
ory capacity as the am

ount of source activation (the W
 param

eter) provides

the best account of the data.

G
eneral D

iscussion

W
e have presented a view

 of w
orking m

em
ory capacity in term

s of a lim
itation to

source activation, a specific kind of activation used to m
aintain goal-relevant inform

ation in

an available state. T
his lim

it to source activation produces the observed degradation in

perform
ance as the w

orking m
em

ory dem
ands of a task increase. M

ore im
portantly, w

e have

proposed that, holding prior know
ledge and strategic approaches relatively constant,

differences am
ong individuals in the perform

ance of w
orking m

em
ory tasks can be largely

attributed to differences in their am
ount of source activation. B

ased on this theory, w
e

presented a com
putational m

odel of individual differences in w
orking m

em
ory. T

he m
odel’s

basic structure is built w
ithin the A

C
T

-R
 cognitive architecture (A

nderson &
 L

ebiere, 1998).

H
ow

ever, w
e used and tested the m

odel according to a new
, individual differences approach:

B
esides testing the m

odel’s fit to aggregate w
orking m

em
ory effects, w

e focused on w
hether

the m
odel’s perform

ance could be param
etrically m

odulated to capture the different patterns

of w
orking m

em
ory effects exhibited by different individual subjects. In tw

o experim
ents, w

e

dem
onstrated that, by varying only the source activation param

eter W
, the m

odel w
as able to

account for individual differences in perform
ance of a w

orking m
em

ory task. In particular,

different values of W
 enabled the m

odel to successfully capture individual subjects’ serial

position curves, a feat that it w
as not specifically designed to accom

plish. B
ased on these

results, w
e find the m

odel sufficient to account for (a) aggregate perform
ance effects taken
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from
 our sam

ple as a w
hole, (b) the range of perform

ance differences found across our

sam
ple, and (c) individual patterns of perform

ance exhibited by the different subjects in our

sam
ple.In the subsections below

, w
e discuss several m

odeling issues raised by this w
ork and

set our individual differences approach in the context of related approaches in the field.

P
aram

eter E
stim

ates and M
odel F

idelity

W
e feel that the data and m

odel fits w
e have presented above support our

conceptualization of w
orking m

em
ory, but som

e readers m
ay be concerned by the fact that

the param
eter estim

ates in E
xperim

ents 1 and 2 w
ere different. N

ote that w
e are not referring

to the source activation param
eter W

 here but rather to the tw
o global param

eters (retrieval

threshold and m
ism

atch penalty) w
e used to fit the m

odel to the aggregate data in both

experim
ents. W

e believe the difference in these param
eter estim

ates betw
een E

xperim
ents 1

and 2 is w
ell explained by the (unintentional) difference in the inter-item

 intervals in the tw
o

experim
ents, viz. 0.9 s in E

xperim
ent 1 and 0.5 s in E

xperim
ent 2. W

ith m
uch longer inter-

item
 intervals in E

xperim
ent 1, subjects w

ere able to devise and deploy various sophisticated

rehearsal strategies. In contrast, in E
xperim

ent 2, the shorter inter-item
 intervals constrained

subjects to the sim
plest rehearsal strategy (i.e., repetition at the end of each string) and did not

even allow
 m

uch tim
e for its application. G

iven that subjects w
ere engaging different

rehearsal strategies across the tw
o experim

ents, it m
akes sense that the activation levels of

m
em

ory chunks w
ould be different and thus require different values for the param

eters

retrieval threshold and m
ism

atch penalty. F
or exam

ple, m
em

ory chunks could be rehearsed

m
ore and better in E

xperim
ent 1 than in E

xperim
ent 2, producing higher activation levels in

the form
er. H

igher levels of activation w
ould, in turn, lead E

xperim
ent 1 subjects to adopt a

m
ore conservative retrieval threshold to avoid retrieving incorrect but highly active item

s.

F
urther, w

ith greater opportunities to rehearse, subjects m
ight be less w

illing to accept an item

that only partially m
atched the target. T

hus, higher values for retrieval threshold and

m
ism

atch penalty w
ould be expected in E

xperim
ent 1, and this is w

hat our m
odel fitting

produced.
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A
lthough these differences in param

eter values can be explained, there is a sense in

w
hich the values from

 E
xperim

ent 2 are m
ore m

eaningful. T
his is analogous to the

“interpretability” of param
eters in statistical m

odeling. T
ake, for exam

ple, a set of data being

fit to a regression line. T
he tighter the linear trend in the data, the better the estim

ated slope

param
eter describes those data, i.e., the m

ore m
eaningfully that param

eter value can be

interpreted as a slope. S
im

ilarly, in our com
putational m

odeling, w
e found that our m

odel fit

the data of E
xperim

ent 2 better than it fit the data of E
xperim

ent 1. T
hus, w

e can take the

param
eter values estim

ated in E
xperim

ent 2 as m
ore m

eaningful. H
ow

ever, in the

com
putational m

odeling case, w
e can use m

ore than the relative R
2’s (a quantitative m

easure)

to support this preference. W
e have qualitative evidence that the m

odel’s rehearsal strategy

m
irrored that of E

xperim
ent 2 subjects better than E

xperim
ent 1 subjects. T

his evidence

includes subjects’ post-experim
ental reports and certain telltale features of their perform

ance

(e.g., the size of the prim
acy effect). T

hus, w
e have m

ultiple types of evidence supporting

som
ew

hat greater fidelity betw
een the m

odel’s processing and the processing of subjects in

E
xperim

ent 2.

T
he issue of m

odel fidelity is im
portant w

hen using com
putational m

odels to study

individual differences: T
he greater the overlap in the m

odel’s processing and subjects’

processing, the m
ore easily param

eters—
even individual difference param

eters—
can be

interpreted. W
e strove to achieve high fidelity betw

een subjects’ cognitive processing and the

m
odel’s processing in both experim

ents by (a) refining the experim
ental paradigm

 to reduce

the influence of prior know
ledge and strategy differences am

ong subjects and (b) explicitly

developing our m
odel to perform

 all aspects of the task just as subjects w
ould. O

ther

individual difference approaches do not alw
ays em

phasize these points. F
or exam

ple, som
e

w
orking m

em
ory tests do not constrain the tim

ing and random
ization of trials, and som

e

com
putational m

odels do not aim
 to include the sam

e set of cognitive processes engaged by

subjects. T
he experim

ents reported in this paper illustrate the im
portance of these issues: A

m
ere 0.4 s difference in the tim

ing of E
xperim

ent 1 versus E
xperim

ent 2 produced

qualitative differences in subjects’ rehearsal strategies. In paradigm
s w

here tim
ing is not

constrained, there is the danger that different subjects could pace them
selves at very different
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rates in order to execute specific strategies for task perform
ance. T

o the degree that this is the

case in other studies, individual differences in perform
ance should be attributed m

ore to

strategic differences betw
een subjects and less to cognitive processing differences such as

w
orking m

em
ory capacity. B

y attending to these issues of m
odel fidelity, especially in

E
xperim

ent 2, w
e have been able to show

 that our individual difference param
eter not only

explains the variability am
ong subjects in our m

ain task but also relates m
eaningfully to other

m
easures of w

orking m
em

ory.

B
efore leaving the issue of m

odel fidelity, w
e w

ish to address several concerns. O
ne

review
er of this paper questioned w

hether ours w
as the only possible A

C
T

-R
 m

odel of the

M
O

D
S

 task and w
ondered w

hether our results w
ere due to the specific set of productions w

e

used. T
here are undoubtedly m

any sets of productions that could be w
ritten w

ithin the A
C

T
-

R
 architecture to perform

 the M
O

D
S

 task. It is possible that som
e of those m

odels w
ould not

depend in any critical w
ay on W

. W
hat, then, leads us to conclude that ours is the a reasonable

m
odel? F

irst, as noted above, w
e carefully m

atched our productions to the verbal protocols of

our subjects. S
econd, our m

odel and the role it confers on W
 w

ould receive a great deal of

support if estim
ates of W

 obtained from
 this m

odel predicted the perform
ance of individual

subjects on a second w
orking m

em
ory task. L

ovett, D
aily, and R

eder (in press) provide such a

dem
onstration. T

hey had subjects perform
 both the M

O
D

S
 task and a separate w

orking

m
em

ory task called the n-back task. T
hey found that individual W

’s, estim
ated from

 the

M
O

D
S

 m
odel presented here and sim

ply plugged into the n-back m
odel, accurately predicted

individual perform
ance of the n-back task. B

oth of these points, w
e argue, suggest that our

m
odel of the M

O
D

S
 task is, in som

e sense, the correct one w
ithin the A

C
T

-R
 fram

ew
ork.

R
efitting the L

ovett et al. D
ata

In the Introduction w
e described a study by L

ovett et al. (1999) that, in part,

m
otivated the current studies. B

ecause our m
odel uses a slightly different rehearsal strategy

(see footnote 3), one designed to m
atch w

hat our subjects w
ere doing, and because w

e w
ished

to determ
ine w

hether our m
odel could fit the individual subject serial position curves from

yet another experim
ent, w

e attem
pted to fit the L

ovett et al. data w
ith our m

odel. In this

section, w
e show

 that our m
odel can be fit to those data—

both in aggregate and at the
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individual subject level—
w

ithout any new
 global param

eter estim
ates. T

hus, this

dem
onstration offers a 0-param

eter fit of our m
odel to data. F

urther, it tests w
hether our

m
odel can capture individual differences in yet another variant of the M

O
D

S
 task. T

his

version of the task differed from
 that used in E

xperim
ents 1 and 2 in that all of the characters

w
ere digits and the trials w

ere presented at either a fast (0.5 s) or slow
 (0.7 s) inter-digit pace.

M
odel fits. T

o fit these data, w
e used a com

bination of our m
odel fits from

E
xperim

ents 1 and 2. F
or the slow

er trials, w
e used the param

eters from
 E

xperim
ent 1 (the

slow
er of our tw

o experim
ents) and for the faster trials w

e used the param
eters from

E
xperim

ent 2. B
ecause w

e had found differences in subjects’ strategies across our tw
o

experim
ents, w

e expected sim
ilar differences m

ight have arisen across trials in the L
ovett et al.

study. Indeed, in that study the pacing of each trial w
as apparent before subjects had to begin

m
em

orizing digits, so they w
ould have been able to shift their rehearsal strategies to suit.

S
ince the global m

ism
atch penalty and retrieval threshold param

eters accounted for this shift

in our m
odeling above, w

e used the sam
e values here. A

ll other param
eter values w

ere set at

their default values. T
hus, no param

eters w
ere allow

ed to vary freely to optim
ize this fit. T

he

only varying param
eter w

as W
, because it represents individual differences in source

activation.

P
anel A

 of F
igure 11 show

s the m
odel’s fit to the aggregate data from

 L
ovett et al,

collapsed across both the string length variable and the tim
ing variable (as w

as done by L
ovett

et al.). H
ere, for each individual sim

ulation, W
 w

as draw
n at random

 from
 a norm

al

distribution (m
ean =

 1.0, variance =
 0.625) and the different sim

ulations w
ere averaged

together. T
he sam

e m
odel predictions are plotted according to serial position accuracy in

panel B
 of F

igure 11. T
hese predictions m

atch the shape of the observed curves very w
ell.

W
hile these fits dem

onstrate som
e of the predictive pow

er of our m
odel, again our m

ain

question is how
 w

ell the m
odel can be fit to individual subjects’ data.

A
ccuracy as a function of m

em
ory set size for 4 representative subjects is show

n in

F
igure 12. A

lso show
n are the m

odel’s predictions for those subjects, obtained by varying W

to individually fit each subject. T
he best-fitting line over all 26 subjects’ individual accuracy

data is observed =
 0.98·predicted  +

 0.01, R
2 =

 .90. T
his fit w

as obtained using 26 param
eters
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(the 26 individual W
’s) to fit 104 data points (4 data points for each of the 26 subjects). If,

instead of adopting a different W
 for each subject, w

e set W
 to the default value of 1.0, the

best-fitting line is observed =
 0.83·predicted  +

 0.15, R
2 =

 .78. E
xam

ples of the serial position

fits to the largest set size data for the sam
e 4 subjects are show

n in F
igure 13, using no new

param
eter estim

ates. O
ver all subjects and all set sizes the best-fitting line is observed =

0.91·predicted +
 0.03, R

2 =
 .65. T

his is in line w
ith the corresponding R

2 values from

E
xperim

ent 1 (0.51) and E
xperim

ent 2 (0.72). A
lthough there is residual variance not

accounted for by the m
odel, these fits offer som

e additional support for our m
odel’s ability

to capture the variation am
ong subjects, especially considering the fact that these predictions

w
ere based on fixed values for all the global param

eters. O
nce again, w

hen w
e leave W

 at the

default value of 1.0, the quality of the fit decreases. T
he best-fitting line in this case is

observed =
 0.81·predicted +

 0.15, R
2 =

 .47.

C
om

parison to O
ther W

orking M
em

ory M
odels

W
e have explored the notion that w

orking m
em

ory capacity can be m
odeled in term

s

of A
C

T
-R

’s source activation param
eter W

, w
here source activation is used to m

aintain goal-

relevant inform
ation in an available state. A

ccording to this conception, w
orking m

em
ory

capacity is a lim
ited resource that m

ust be shared am
ong the com

ponents of the current goal

that are being processed. T
he m

ore com
plex the current task, either in term

s of its greater

m
em

ory dem
ands or its requirem

ent of dual-task perform
ance, the sm

aller each share of this

lim
ited resource, and hence the poorer perform

ance. M
oreover, w

e have show
n how

differences in the overall size of this resource (i.e., how
 m

uch source activation there is to be

shared) im
pact how

 m
uch the sharing w

ill degrade perform
ance.

T
his conception is closely related to other resource-based view

s of w
orking m

em
ory

capacity (e.g., E
ngle, K

ane, &
 T

uholski, 1999; Just &
 C

arpenter, 1992; S
hah &

 M
iyake,

1996). T
here are som

e differences, how
ever, am

ong the various resource-based view
s. F

or

exam
ple, our m

odel posits a lim
it to A

C
T

-R
’s source activation, a specific kind of

dynam
ically changing activation linked to the current goal, w

hereas Just and C
arpenter’s

(1992) m
odel posits a lim

it on the total activation in the system
. B

yrne and B
ovair (1997)

have interpreted such individual differences in total activation as essentially producing
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differences in the rate of decay of activation in the system
. A

s w
e have show

n above, varying

decay rate versus source activation in our m
odel can have quite different consequences for

perform
ance. A

nother difference am
ong these resource view

s involves the degree to w
hich

w
orking m

em
ory capacity is considered a general resource (e.g., E

ngle, 1994; E
ngle et al.,

1999) or a set of separate m
odality-based or representation-based resources (as in a separate

resource for m
aintaining spatial versus verbal m

aterials, S
hah &

 M
iyake, 1996). R

egarding

this issue, our m
odel takes source activation to be a lim

ited resource that is draw
n upon in the

perform
ance of all cognitive tasks; therefore, it is a general resource. H

ow
ever, w

e do allow

for m
odality-based or representation-based differences to explain other individual

differences. F
or instance, people w

ill differ in the relative am
ounts of experience they have

w
ith verbal and spatial item

s. B
ecause of this, there w

ill be differences in total activation for

verbal and spatial chunks and these differences w
ill im

pact perform
ance of tasks involving

these item
s (e.g., perform

ing better at spatial tasks because of m
ore highly activated spatial

know
ledge). N

ote that in A
C

T
-R

 such effects of differential experience are carried, not in

source activation, but in changes in the base-level activation of particular chunks in

declarative m
em

ory (see E
quations 1 and 5).

O
ur view

 of w
orking m

em
ory capacity also has an interesting relationship to w

orking

m
em

ory m
odels that largely attribute w

orking m
em

ory lim
itations to the decay of

inform
ation from

 m
em

ory (e.g., B
addeley, 1986; B

urgess &
 H

itch, 1992; K
ieras, M

eyer,

M
ueller, &

 S
eym

our, 1999). W
hile our explanation of individual differences does not involve

differences in decay rate per se, it is the case that, w
hen our m

odel’s source activation

param
eter W

 is varied, the overall rate of inform
ation processing changes. T

hat is, a larger W

im
plies faster m

em
ory retrievals w

hich enable faster task com
pletion, all else being equal (see

E
quation 3). T

hus, w
hen the am

ount of source activation is larger, inform
ation relevant to

task com
pletion tends to be m

ore available because it has decayed less in the shorter elapsed

tim
e. A

ccording to this logic, then, our source activation account of w
orking m

em
ory

differences is also quite com
patible w

ith processing-speed accounts of individual differences

(e.g., S
althouse, 1994; B

yrne 1998). In our m
odel, how

ever, differences in source activation

are the underlying cause of differences in processing speed.
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A
lthough w

e do not see a one-to-one m
apping betw

een aspects of our m
odel and

com
ponents of the w

orking m
em

ory m
odel by O

’R
eilly et al. (1999), there are several

conceptual sim
ilarities. F

irst, O
’R

eilly et al. em
phasize the role that the current goal plays in

m
odulating the propagation of activation. In our m

odel, source activation is the very m
eans

by w
hich the current goal differentially activates goal-related item

s; it enables goal-relevant

item
s to be m

ore easily processed than non-goal-relevant item
s. S

econd, O
’R

eilly et al.

interpret w
orking m

em
ory lim

itations in term
s of attentional lim

itations. T
he sam

e

interpretation is natural w
ithin our m

odel: S
ource activation is a lim

ited kind of activation that

is directed from
 the goal; in A

C
T

-R
, the goal represents the system

’s current focus of

attention. S
o, w

hatever is currently in the focus of attention m
ust share this lim

ited quantity of

source activation, i.e., attentional activation is lim
ited. T

hird, O
’R

eilly et al. allow
 for the

possibility of both dom
ain-general and dom

ain–specific sources of variability am
ong

individuals, as do w
e.

F
inally, E

ngle and his colleagues (C
onw

ay &
 E

ngle, 1994; E
ngle et al, 1999) have

show
n that w

orking m
em

ory lim
its only affect perform

ance of tasks requiring controlled

processing. D
ifferences in w

orking m
em

ory capacity do not predict differences in how

people perform
 on tasks using autom

atic processing. O
ur m

odel is consistent w
ith these

findings because an individual’s W
 value w

ill only affect processing that requires goal-

directed retrieval of inform
ation. C

onsider a sim
ple exam

ple: that of an individual learning

that 3+
4=

7. A
t first the individual m

ust com
pute the answ

er, perhaps using a count-up

strategy (S
iegler, 1991; S

iegler &
 S

hrager, 1984). T
his is a controlled process and requires

retrieval of applicable declarative chunks for counting. It is, therefore, dependent on W
. A

fter

practice, the person m
ay acquire a chunk encoding the fact that 3+

4=
7. P

erform
ance is now

faster, but still dependent on W
 as a retrieval from

 declarative m
em

ory is still required. W
ith

even m
ore practice, giving the sum

 of 3 and 4 m
ay becom

e proceduralized: the person w
ill

learn a new
 production of the form

 IF
 the goal is to provide the sum

 of 3 and 4 T
H

E
N

 say 7.

T
his constitutes autom

atic processing and, as no declarative retrievals are required, W
 w

ill not

play a role.
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O
ther S

ources of Individual D
ifferences

It should be em
phasized that our argum

ents regarding individual differences do not

claim
 that source activation, W

, is the only thing that explains differences in people’s

perform
ance on laboratory tasks or on everyday tasks. A

s noted above, individual differences

in prior know
ledge and strategies can significantly influence task perform

ance (C
hase &

E
ricsson, 1982; E

ricsson &
 K

intsch, 1995). H
ow

ever, w
e have argued that w

hen those other

sources of variability in task perform
ance are reduced, differences in source activation (our

m
odel’s representation of w

orking m
em

ory capacity) can largely explain differences in an

individual’s task perform
ance. In the current studies, w

e used a fast-paced, unfam
iliar task to

try to reduce sources of variation other than source activation. T
his is especially evident in

E
xperim

ent 2, in w
hich the inter-stim

ulus interval w
as 0.5 s. S

ubjects in that study did not

report using sophisticated rehearsal strategies. In fact, they appeared to use a com
m

on, sim
ple

approach to the task, one that our m
odel w

as designed to sim
ulate. T

hese results provide

converging evidence that w
e m

anaged to reduce other sources of variation, thereby

highlighting the effects of individual differences in w
orking m

em
ory capacity.

O
ther A

pproaches to S
tudying Individual D

ifferences

A
s R

eder and S
chunn (1999; S

chunn &
 R

eder, 1998) have noted, tw
o distinct

approaches to studying individual differences have been em
ployed in the field. O

ne approach

focuses on differences in know
ledge and strategies. E

xpert-novice studies (e.g., C
hi, G

laser, &

R
ees, 1982; E

ricsson &
 K

intsch, 1995; L
arkin, 1981) and strategy choice studies (e.g., L

ovett

&
 A

nderson, 1996; L
ovett &

 S
chunn, in press; R

eder, 1982, 1987; S
iegler, 1988) fall into this

cam
p. T

he other, m
ore psychom

etrically oriented approach focuses on how
 differences in the

functioning of basic cognitive processes influence perform
ance (e.g., Just &

 C
arpenter, 1992;

S
althouse, 1994). O

ur w
ork is an exam

ple of this second approach w
ith the additional feature

that w
e used a com

putational m
odel to predict and explain the differences in w

orking

m
em

ory perform
ance am

ong individual subjects. It is interesting to note the sim
ilarities and

differences betw
een our approach and that developed w

ithin psychophysics. F
or exam

ple

N
osofsky and P

alm
eri (1997) have done an excellent job m

odeling 3 individual subjects’

data in a perceptual classification task. T
hey too fit individual subjects w

ith a com
putational
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m
odel. H

ow
ever, their approach differed in that they w

ere not interested in holding any

param
eters constant across subjects, but rather allow

ed all six param
eters to vary for each

subject. M
oreover, they do not interpret their estim

ated param
eter values beyond the scope of

the specific task they w
ere m

odeling.

In contrast our param
eter W

 is intended to represent a stable characteristic of the

subjects that applies across tasks. O
ur goal w

as to lim
it ourselves to this single subject-specific

param
eter to capture individual differences. T

hus, our w
ork also dem

onstrates that

com
putational m

odels can be especially helpful in testing the “individual differences

com
ponent” of w

orking m
em

ory m
odels. W

e believe that studying and m
odeling system

atic

individual differences in perform
ance are just as im

portant as studying and m
odeling

aggregate effects. F
or exam

ple, looking at individual subjects can reveal new
 patterns of

perform
ance that m

ay only be seen as a m
ixture w

hen results are aggregated. A

com
putational m

odel that can reproduce the m
ixture results but not the results of any given

individual cannot be said to have fully captured the phenom
enon under study. M

oreover, as

w
e have show

n, em
ploying an individual level of analysis in com

bination w
ith com

putational

m
odeling techniques offers a new

 w
ay of correlating individuals’ w

orking m
em

ory

perform
ance across tasks.

In the Introduction w
e sum

m
arized three im

portant characteristics of w
orking

m
em

ory resources: (a) they are draw
n upon in the perform

ance of cognitive tasks; (b) they

are inherently lim
ited; and (c) they differ in capacity across individuals. B

ecause our m
odel

possesses all of these characteristics and captures w
orking m

em
ory effects at the aggregate

and individual levels, w
e believe that it provides a prom

ising account of individual differences

in w
orking m

em
ory capacity. T

hough previous research has highlighted that individual

differences exist, these differences have not been m
odeled at the level of the individual

subject. T
hat w

e w
ere able to do so speaks to the pow

er of our approach and to the generality

of the A
C

T
-R

 theory.
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F
ootnotes

1 T
his m

ay appear to be 4 levels of the string length variable, but, for practical

purposes, it is not. C
ertain trials included strings of 2 and 3 letters, and other trials included

strings of 4 and 5 letters. T
hat is, in any single trial, the string length could vary (by one

character) from
 string to string. T

his m
ixture of string lengths w

ithin a trial w
as designed to

prevent subjects from
 anticipating exactly w

hen the to-be-rem
em

bered digit w
ould appear

and hence from
 adjusting their strategies accordingly.

2 T
o prevent rehearsal, this rate w

as intended to be 1 character every 0.5 s to m
atch the

fast condition from
 L

ovett et al. (1999). T
he com

puters used in this study, how
ever, took

longer to load and play the sound file used to pace subject’s articulation, resulting in the

lengthened interval. W
e w

ere unaw
are that the tim

ing w
as different than intended until after

the subjects w
ere run. A

s discussed in the D
iscussion section of E

xperim
ent 1, there w

ere

behavioral indications that the tim
ing w

as incorrect, a fact that w
as subsequently confirm

ed by

tim
ing the program

’s execution w
ith an external device.

3 T
here w

ere tw
o differences betw

een our m
odel and that of L

ovett et al. (1999). F
irst,

our m
odel begins rehearsal w

ith the first item
 in the list and w

orks tow
ard the end. T

he L
ovett

et al. m
odel does the opposite: It begins w

ith the last item
 in the list and w

orks forw
ard. T

hus,

rehearsal benefits different parts of the list in the tw
o m

odels. W
e m

ade this change to m
atch

our m
odel to the self-report of our subjects w

ho reported using the “forw
ard” m

ethod of

rehearsal. T
he sam

e m
ethod of rehearsal is used in P

age and N
orris’s (1998a; 1998b) m

odel

of im
m

ediate serial recall, a task highly sim
ilar to our M

O
D

S
 task. T

he second change w
as the

addition of the parse-screen production, w
hich sim

ulates subjects’ encoding of the recall

prom
pt. A

gain, this change w
as m

ade to m
atch the m

odel m
ore closely to the behavior of our

subjects.4 W
e had no data on how

 long subjects take to sw
itch tasks and so w

e estim
ated the

action tim
e for the parse-screen production as a free param

eter in fitting the data from

E
xperim

ent 2. W
e estim

ate this param
eter based on E

xperim
ent 2’s data (w

hich w
as fit first)

instead of E
xperim

ent 1’s because in the latter experim
ent the tim

ing of the experim
ental

procedure w
as m

istakenly too long. S
ee footnote 1 and the D

iscussion S
ection of E

xperim
ent

W
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1 for m
ore detail. B

ecause there is no reason to believe that it w
ould take m

ore or less tim
e to

sw
itch tasks in the tw

o experim
ents, w

e used the estim
ate from

 E
xperim

ent 2 here.

5A
lthough w

e endeavored to recruit subjects w
ith both high and low

 scores on the

C
A

M
, w

e had great difficulty in contacting low
-scoring subjects. T

hey tended not to respond

to phone and em
ail m

essages, or did not report to the experim
ental session after agreeing to

participate. T
he authors leave it to others to speculate on a possible link betw

een w
orking

m
em

ory and m
otivation.

6 W
e w

ould have liked to have displayed the sam
e subjects from

 figure to figure, but

subjects w
ith different W

 values often had the sam
e decay rate or retrieval threshold. T

hus, in

certain cases in F
igures 5, 9, and 10 w

e decided to substitute in a different subject (w
ith a

different estim
ated param

eter value) in order to display how
 perform

ance differed across a

range of values.
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T
able 1

P
roductions for the m

odified digit span task m
odel

R
E

A
D

-A
L

O
U

D
IF the goal is to articulate

and a character is in vision
and the character has not been articulated

T
H

E
N

 say the nam
e of the character

and note that it has been articulated

C
R

E
A

T
E

-M
E

M
O

R
Y

IF the goal is to articulate
and the current character is a digit (i.e., the last character of the string)
and it has already been articulated

T
H

E
N

 create a m
em

ory of that character in the current position of the current trial
and increm

ent to the next position
and set a flag to rehearse the first position

R
E

H
E

A
R

SE
-M

E
M

O
R

Y
IF the goal is to articulate

and the current character in vision has been articulated
and the rehearsal flag is set to rehearse the m

em
ory item

 in a certain position
and there is a m

em
ory of an item

 in that position
T

H
E

N
 rehearse the item

and increm
ent the rehearsal flag to the next position

PA
R

SE
-SC

R
E

E
N

IF the goal is to articulate on the current trial
and there are recall instructions on the screen

T
H

E
N

 change the goal to recall the first position of the current trial

R
E

C
A

L
L

-SPA
N

IF the goal is to recall a position on the current trial
and there is a m

em
ory of an item

 in that position on this trial
and the item

 has not been recalled already
T

H
E

N
 recall the item

and increm
ent the recall position to the next position

N
O

-R
E

C
A

L
L

IF the goal is to recall
and there’s no m

em
ory of an item

 in the current position
T

H
E

N
 recall blank

and increm
ent the recall position to the next position
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F
igure C

aptions

F
igure 1. T

he structure of a declarative chunk encoding the fact 7 is the first item
 of the

current list.

F
igure 2. G

raphic illustration of a trial w
ith a m

em
ory set of size 3. T

he differences in the

positions of the characters on-screen have been exaggerated for clarity; in actuality the final

string w
ould appear in the m

iddle of the screen instead of the right side.

F
igure 3. T

he m
odel’s fit to the overall accuracy data from

 E
xperim

ent 1 is show
n in panel

A
. W

e collapsed over the string length variable for these fits. P
anel B

 show
s the m

odel’s fits to

the serial position data.

F
igure 4. P

roportion of strings correctly recalled as a function of m
em

ory set size for four

representative subjects in E
xperim

ent 1. A
lso show

n are the m
odel’s predictions for each

subject, varying only the W
 param

eter.

F
igure 5. P

roportion correct as a function of serial position and the corresponding m
odel

predictions for the largest m
em

ory set size only for four representative subjects in

E
xperim

ent 1, varying only the W
 param

eter.

F
igure 6. P

anel A
 show

s the m
odel’s fit to the overall accuracy data from

 E
xperim

ent 2. W
e

collapsed over the string length variable for these fits. P
anel B

 show
s the m

odel’s fits to the

serial position data.

F
igure 7. P

roportion of strings correctly recalled as a function of m
em

ory set size and the

m
odel’s predictions for four representative subjects in E

xperim
ent 2, varying only the W

param
eter.

F
igure 8. P

roportion correct as a function of serial position and the corresponding m
odel

predictions for the largest m
em

ory set size only for four representative subjects in

E
xperim

ent 2, again varying only the W
 param

eter.

F
igure 9. C

om
parison of behavioral data to a m

odel of perform
ance that varies decay rate

rather than source activation, W
. T

hese are the m
odel predictions for the largest m

em
ory set

size only for four representative subjects in E
xperim

ent 2.
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F
igure 10. C

om
parison of behavioral data to a m

odel of perform
ance that varies retrieval

threshold rather than source activation, W
. T

hese are the m
odel predictions for the largest

m
em

ory set size only for four representative subjects in E
xperim

ent 2.

F
igure 11. T

he m
odel’s fits to the L

ovett et al (1999) data. P
anel A

 show
s the overall

accuracy and panel B
 the serial position data.

F
igure 12. F

its to the proportion of strings correctly recalled as a function of m
em

ory set size

for four of L
ovett et al’s (1999) subjects.

F
igure 13. F

its to the serial position data, largest set size only, for four of L
ovett et al’s (1999)

subjects.


