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J
n the last fifty years, there have been three m

ajor
approaches to

understanding cognitive system
s and theorizing

about the nature
of the m

ind: sym
bolicism

, connection
ism

, and dynam
icism

. E
ach of

these approaches has relied heavily
on a preferred m

etaphor for
understanding the m

ind. M
ost fam

ously,
sym

bolicism
, or classical

cognitive science, relies on the "m
ind

as com
puter" m

etaphor. U
nder

this view
, the m

ind is the softw
are of the

brain.Jerry Fodor,1 for
one,

has argued that the im
pressive theoretical

pow
er provided by this

m
etaphor is good reason to

suppose that cognitive system
s have a

sym
bolic "language of thought" w

hich, like
a com

puter program
m

ing
language, expresses the rules that the

system
 follow

s. Fodor claim
s

that this m
etaphor is essential for providing

a useful account of how
the m

ind w
orks.

Sim
ilarly, connectionists have relied

on a m
etaphor for providing

their account of how
 the m

ind w
orks. T

his
m

etaphor, how
ever, is

m
uch m

ore subtle than the sym
bolicist

one; connectionists presum
e

that the functioning of the m
ind is like

the functioning of the brain.
T

he subtlety of the "m
ind

as brain" m
etaphor lies in the fact that

connectionists, like sym
bolicists, are m

aterialists. T
hat

is, they also
hold that the m

ind is the brain. W
hen

providing psychological descrip-
tions, how

ever, it is the m
etaphor that

m
atters, not the identity. In

deference to the m
etaphor, the founders

of this approach call it

* Special thanks to C
harles

H
. A

nderson. T
hanks as w

ell to W
illiam

B
echtel, N

ed
B

lock, D
avid B

yrd, R
ob C

unsm
nins, B

rian K
eeley, B

rian
M

cL
aughlin, W

illiam
R

atnsey,
Paul T

hagard, and C
harles W

allis for
com

m
ents on earlier versions. Funding has

been provided in part by the M
athers Foundation,

the M
cD

onnell C
enter for Fligher

B
rain Function, antI the M

cD
onnell Project for

Philosophy and the N
eurosciences.

T
he

L
anguage

of T
hought (N

ew
 Y

ork: C
row

ell, 1975).
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"brain-style" processing, and claim
 to be discussing "abstract net-

w
orks."2 T

his is not surprising since the com
putational and representa-

tional properties of the nodes in connectionist netw
orks bear little

resem
blance to neurons in real biological neural netw

orks.3
Proponents of dynam

icism
 also rely heavily on a m

etaphor to under-
stand cognitive system

s. M
ost explicitly, T

im
 van G

elder4 em
ploys the

W
att G

overnor as a m
etaphor for m

ind. It is through his analysis of
the best w

ay to characterize this dynam
ic system

 that he argues that
cognitive system

s, too, should be understood as nonrepresentational,
low

-dim
ensional, dynam

ical system
s. L

ike the W
att G

overnor, van
G

elder argues, cognitive system
s are essentially dynam

ic and can only
be properly understood by characterizing their state changes through
tim

e. T
he "m

ind as W
att G

overnor" m
etaphor suggests that trying to

im
pose any kind of discreteness, either tem

poral or representational,
w

ill lead to a m
ischaracterization of m

inds.
N

otably, each of sym
bolicism

, connectionism
, and dynam

icism
 rely

on nietaphor not only for explanatory purposes, but also for devel-
oping their conceptual foundations in understanding the target of
the m

etaphor; that is, the m
ind. For sym

bolicists, the properties of
T

uring m
achines becom

e shared w
ith m

inds. For connectionists, the
character of representation changes dram

atically. M
ental representa-

tions are taken to consist of "sub-sym
bols" associated w

ith each node,
w

hile "w
hole" representations are real-valued vectors in a high-dim

en-
sional property space.5 Finally, for the dynam

icists, because the W
att

G
overnor is best described by dynam

ic system
s theory, w

hich m
akes

no reference to com
putation or representation, our theories of m

ind
need not appeal to com

putation or representation either.
In this article, I w

ant to suggest that it is tim
e to m

ove beyond these
m

etaphors. W
e are in the position, I think, to understand the m

ind
for w

hat it is: the result of the dynam
ics of a com

plex, physical,
inform

ation processing system
, nam

ely the brain. C
learly, in som

e
w

ays this is a rather boring thesis to defend. It is just a statem
ent of

plain old "m
onistic m

aterialism
" or "token identity theory," call it

2Jatnes L
. M

cC
lelland and l)avid E

. R
um

eihart, "Future D
irections," in M

cC
lelland

and R
um

eihart, eds., Parallel D
istributed Processing: E

xplorations in the M
icrostructure of

C
ognition, V

olum
e 2 (C

am
bridge: M

IT
, 986), pp. 547—

52.
See C

hapter 10 of W
illiani B

echtel and A
dele A

braham
sen, C

on nectzonzsm
 and

the M
ind: Parallel Processing, D

ynam
ics, and E

volution in N
etw

ork.s, Second E
dition (M

ai-
den, M

A
: B

lackw
ell, 2001).

"W
hat M

ight C
ognition B

e, If N
ot C

om
putation?" this JO

U
R

N
A

L
, xci, 7 (July

1995): 345—
81.

See, for exam
ple, Paul Sm

olensky's "O
n the Proper T

reatm
ent of C

onnection-
isni," B

ehavioral and
B

rain
Sciences, xi, 1 (1988): 1—

23.

w
hat you w

ill. It is, in essence, just the uncontroversial view
that, so

far as w
e know

, you do not have a m
ind w

ithouta brain. B
ut, I further

w
ant to argue that the best w

ay to understand this physical
system

 is
by using a different set of conceptual tools than those

em
ployed by

sym
bolicists, connectionists, and dynam

icists individually. T
hat

is, the
right toolbox w

ill consist in an extended subset of the tools
suggested

by these various tnetaphors.
T

he reason w
e need to m

ove beyond m
etaphors is

because, in science,
analogical thinking can som

etim
es constrain available hypotheses. T

his
is not to deny that analogies are incredibly useful tools

at m
any points

during the developm
ent of a scientific theory. it is only

to say that,
som

etim
es, analogies only go so far. T

ake, for instance, the develop-
m

ent of the current theory of the nature of light. In the nineteenth
century, light w

as understood in term
s of tw

o m
etaphors: light

as a
w

ave, and light as a particle. T
hom

as Y
oung w

as the best know
n

proponent of the first view
, and Isaac N

ew
ton w

as the best know
n

proponent of the second. E
ach used their favored analogy to suggest

new
 experim

ents, and develop new
 predictions.6 T

hus, these analogies
played a role sim

ilar to that played by the analogies discussed
above

in contem
porary cognitive science. A

s
w

e know
 in the case of light,

how
ever, both analogies are false. H

ence the fam
ed "w

ave-particle
duality" of light: som

etim
es it behaves like

a particle; and som
etim

es
it behaves like a w

ave. N
either analogy by itself

captures all the phe-
nom

ena displayed by light, but both are extrem
ely useful in character-

izing som
e of those phenom

ena. So, understanding w
hat

light is
required m

oving beyond the m
etaphors.

I w
ant to suggest that the sam

e is true in the
case of cognition.

E
ach of the m

etaphors m
entioned above has

som
e insight to offer

regarding certain phenom
ena displayed by cognitive

system
s. H

ow
-

ever, none of these m
etaphors is likely to lead us to all of the right

answ
ers. T

hus, m
y project in trying to m

ove beyond these m
etaphors

is a synthetic one. I w
ant to provide a

w
ay of understanding cognitive

system
s that draw

s on the strengths of sym
bohicism

, connectionism
,

and dynam
icism

. T
he best w

ay of doing this is
to understand m

inds
for w

hat they are. T
o phrase this

as a conditional, if m
inds arc the

behavior of com
plex, dynam

ic, inform
ation processing

system
s, then w

e
should use the conceptual tools that

w
e have for understanding such

system
s w

hen trying to understand m
inds. I outline here

a general theory

For a detailed description of the analogies, predictions, and
experim

ents, see
C

hris E
liasm

itli and Paul T
hagard, "Particles, W

aves and E
xplanatory

C
oherence,"

B
ritish Journal of the Philosophy of Science, X

L
V

III (1997): 1—
i 9.



496
T

IlE
 JO

U
R

N
A

L
 O

F PH
IL

O
SO

PH
Y

M
O

V
IN

G
 B

E
Y

O
N

D
 M

E
T

A
PH

O
R

S
497

that describes rep resenlation and dynam
ics in neural system

s (R
&

D
 t/leoiy)

that realizes the consequent of this conditional. I argue that R
&

D
theory can help unif' neural and psychological explanations of cogni-
tive system

s and that the theory suggests a need to re-evaluate standard
functionalist claim

s.
First, how

ever, it is instructive to see how
 R

&
D

 theory does not
dem

and the invention of new
 conceptual tools; the relevant tools are

already w
ell tested. So, in som

e w
ays, the theory is neither risky nor

surprising. W
hat is surprising, perhaps, is that our m

ost pow
erful tools

for understanding the kinds of system
s that Inm

ds are have yet to be
applied to m

inds. I suggest that this surprising oversight is due to an
overreliance on the "m

ind as com
puter" m

etaphor.

I. A
 B

R
IE

F H
IST

O
R

Y
 O

F C
O

G
N

IT
IV

E
 SC

IE
N

C
E

W
hile the m

ain purpose of this article is clearly not historical, a brief
perusal of the relevant historical landscape helps situate both the
theory and the subsequent discussion.

1.1. Prehistory. W
hile m

uch is som
etim

es m
ade of the difference

betw
een philosophical and psychological behaviorism

, there w
as gen-

eral agreem
ent on this m

uch: internal representations, states, and
structures are irrelevant for understanding the behavior of cognitive
system

s. For psychologists, like John B
. W

atson anid B
.F. Skinner,

this w
as true because only input/output relations are scientifically

accessible. For philosophers, like G
ilbert R

yle, this w
as true because

m
ental predicates, if they w

ere to be consistent w
ith natural science,

m
ust be analyzable in term

s of behavioral predicates. In either case,
looking inside the "black box" that w

as the object of study, w
as prohib-

ited for behaviorists.
Interestingly, engineers of the day respected a sim

ilar constraint. In
order to understand dynaniic physical systelns, the central tool they
em

ployed w
as (classical) control theory. C

lassical control theory, Iloto-
riously, only characterizes physical system

s in term
s of their input/

output relations in order to determ
ine the relevant controller. C

lassi-
cal control theory w

as lim
ited to designing nonoptim

al, single-vari-
able, static controllers and depended on graphical niethod9, rules of
thum

b, and did not allow
 for the inclusion of noise.7 W

hile the lim
ita-

tions of classical controllers and m
ethods are now

 w
ell know

n, they
nevertheless allow

ed engineers to build system
s of a kind they had

hot system
atically built before: goal-directed system

s.

For a Succinct description of the history of control theory, see Frank L
. L

ew
is's

A
pplied O

ptim
al C

ontrol and E
stisnadon (N

ew
 Y

ork: Prentice-H
all, 1992).

W
hile classical control theory

w
as usehul (especially in the 1940s)

for building w
arhead guidance

system
s, som

e researchers thought it
w

as clearly m
ore than that. T

hey suggested that classical controltheory
could provide a theoretical foundation for

describing living system
s

as w
ell. M

ost fam
ously, the interdisciplinary

m
ovem

ent founded in
the early 1940s know

n as "cybernetics"
w

as based on precisely this
contention.8 C

yberneticists claim
ed that living

system
s w

ere also essen-
tially goal-directed system

s. T
hus, closed-loop

control, it w
as argued,

should be a good w
ay to understand the

behavior of living system
s.

G
iven the nature of classical control theory,

cyberneticists focused on
characterizing the input/output behavior of living

system
s, not their

internal processes. W
ith the so-called "cognitive

revolution" of the
m

id-1950s, interest in cybernetics w
aned due in

part to its close associa-
tion w

ith, and sim
ilar theoretical com

m
itm

ents
to, behaviorism

.
1.2.

T
he

cognitive revolution. In the m
id-1950s, w

ith the
publication

of a series of sem
inal papers,9 the "cognitive

revolution" took place.
O

ne sim
plistic w

ay to characterize this shiftfrom
 behaviorism

 to
cog-

nitivism
 is that it becam

e no longer taboo
to look inside the black box.

Q
uite the contrary: internal states, internal

processes, and internal
representations becam

e standard fare w
hen thinking

about the m
ind.

M
aking sense of the insides of that black box

w
as heavily influenced

by concurrent successes in building and
program

m
ing com

puters to
perform

 com
plex tasks. T

hus,
m

any early cognitive scientists saw
,

w
hen they opened the lid of the box,

a com
puter. Furtherm

ore, as
explored in detail by Fodor, "C

om
puters show

us how
 to connect

sem
antical w

ith causal properties for sym
bols." So

com
puters have w

hat
it takes to be intentional m

inds.15 O
nce

cognitive scientists began to
think of m

inds as com
puters,

a num
ber of new

 theoretical tools be-
cam

e available for characterizing cognition. Forinstance, the com
put-

er's theoretical counterpart, the T
uring

m
achine, suggested novel

philosophical theses, including functionalism
and m

ultiple realizabil-
ity, about the m

ind. M
ore practically, the

typical architecture of coin-

For a statem
ent of the m

otivations of cybernetics,
see A

ituro R
osenbhuetli, N

or-
bert W

iener, and Julian B
igelow

, "B
ehavior, Purpose,

and T
eleology," Philosophy of

Science, x (1943): 18—
24.

T
hese papers include, but are not lim

ited to: A
.

N
ew

ell, C
. Shaw

, and i-I. Sim
on,

"E
lem

ents of a T
heory of H

um
an Problem

 Solving,"
Psychological R

eview
, L

xv (1958):
151—

66; G
. M

iller, "T
he M

agical N
um

ber Seven, Plus
or M

inus T
w

o: Som
e L

im
its

on O
ur C

apacityfor Processing Inform
ation," Psychological

R
eview

, ixiii (1956): 81—
97;

Jerom
e S. B

rinier, Jacqueline G
oodnow

, and G
eorge A

ustin, A
Study O

f T
hinking

(N
ew

 Y
ork: W

iley, 1956).
0 Psychoseinantics (C

am
bridge:

M
IT

, 1987), p. 18.
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putels, tile V
O

lt N
eum

ann arcintecture, w
as thought by m

any to be
relevant for understanding our cognitive architecture.

A
doption of the von N

eum
ann architecture for understanding m

inds
w

as seen by m
any as poorly m

otivated, how
ever. A

s a result, the early
1980s saw

 a revival of the so-called "connectionist" research program
.

R
ather than adopting the architecture of a digital com

puter, these
researchers felt that an architecture m

ore like that seen in the brain
w

ould provide a better m
odel for cognition.1' A

s a result of this theoret-
ical shift, connectionists w

ere very successful at building m
odels sensi-

tive to statistical structure, and could begin to explain m
any phenom

ena
not easily captured by sym

bolicists (for exam
ple, object recognition,

generalization, and learning).
For som

e, how
ever, connectionists had clearly not escaped the

influence of the "m
ind as com

puter" m
etaphor. C

onnectionists still
spoke of representations, and thought of the m

ind as a kind of com
-

puter. T
hese critics argued that m

inds are not essentially com
puta-

tional, they are essentially physical, dynam
ic system

s)2 T
hey suggested

that if w
e w

ant to know
 w

hich functions a system
 can actually perform

in tile real w
orld, w

e m
ust know

 how
 to characterize the system

's
dynam

ics. Furtherm
ore, since cognitive system

s evolved in dynam
ic

environm
ents, w

e should expect evolved control system
s, like brains,

to be m
ore like the W

att G
overnor—

dynam
ic, continuous, coupled

directly to w
hat they control—

than like a discrete state T
uring m

a-
chine that com

putes over "disconnected" representations. A
s a result,

these "dynam
icists" suggested that dynam

ic system
s theory, not com

-
putational theory, w

as the right quantitative tool for understanding
m

inds. T
hey claim

ed that notions like 'chaos', 'hysteresis', 'attractors',
and 'state-space' underw

rite the conceptual tools best suited for de-
scribing cognitive system

s.
1.3. A

 puzzling oversight. In som
e w

ays, dynam
icists revived the corn-

m
itm

ents of the predecessors of tile cognitive revolution. N
otably,

the W
att G

overnor is a standard exam
ple of a classical control system

.
If m

inds are to be like W
att G

overnors, they are to be like classical
control system

s; just w
hat the cyberneticists had argued. O

ne w
orry

w
ith this retrospective approach is that the original problem

s com
e

''A
s discussed in both

S
inolensky

and the introduction to R
u,,ielhart and M

cC
lel-

land, eds. Parallel
D

istributed I'rocessing:
E

xplorations in the ]izcroctructure of C
ognition,

V
olum

e 1 (C
am

bridge: M
IT

, 1986).
2

S
ee

the various contributions to R
obert F. Port and van G

elder, eds., M
ind as

M
otion:

E
xplorations Z

fl
the

D
nanncs of C

ognition (C
am

bridge: M
IT

, 1995), especially
Ilie editors' n,troductio,i.

along w
ith the original solutions. T

he lim
itations of classical control

theory are severe, so severe that they w
ill probably not allow

us to
understand a system

 as com
plex as the brain.

A
n im

portant series of theoretical advances in control theory
w

ent
com

pletely unnoticed during the cognitive revolution, how
ever. D

ur-
ing the heyday of the com

puter, in the 1960s,
m

any of the lim
itations

of classical control theory w
ere rectified w

ith the introduction of w
hat

is now
 know

n as "m
odern" control theory)3 M

odern control theory
introduced the notion of an "internal system

 description"
to control

theory. A
ll internal system

 description is one that includes
system

 state
variables (that is, variables describing the state of the

systeni itself) as
part of the description (see Figure 1). It is interesting that w

ith the
cognitive revolution, researchers interested in the behavior of living
system

s realized they needed to "look inside" the system
s they w

ere
studying and, at about the sam

e thne, researchers interested in
con-

trolling engineered system
s began to "look inside" as w

ell. B
oth, nearly

siniultaneously, opened their black box. A
s already discussed, how

-
ever, those interested in cognitive behavior adopted the com

puter as
a m

etaphor for the w
orkings of the m

ind. U
nfortunately, the ubiquity

of this m
etaphor has served to distance the cognitive sciences from

rim
odern control theory. N

evertheless, Iargue below
 that m

odern control
theory offers tools better suited than com

putational theory for under-
standing biological system

s as fundam
entally physical, dynam

ic
sys-

tem
s operating in changing, uncertain environm

ents.
T

his is not to suggest that each of the dom
inant m

etaphors should
be taken as irrelevant to our understanding of m

inds. B
oth

connec-
tionism

 and dyriam
icism

 highlight im
portant lim

itations of the origi-
nal "m

ind as com
puter" m

etaphor. C
onm

iectionism
 challenged the

sym
bolicist conception ofrepresentation, noting 110w

 im
portant statis-

tical considerations are for capturing certain kinds of cognitive
phe-

nom
ena. D

ynam
icist critiques of sym

bolicism
 focused on its lack of

a principled account of the tem
poral properties of cognitive system

s)4
N

evertheless, it w
as the sym

bolicists, arm
ed w

ith their m
etaphor, w

ho
rightly justified opening tile black box. Furtherm

ore, both
cortnec-

tionism
 and dynattm

icism
 introduced their ow

n m
isleading

m
etaphors.

'
T

his
i,,troduction iS largely credited to R

. K
alnian it, his "A

 N
ew

 A
pproach

to
L

inear Filtering and Prediction Problem
s," A

SM
E

 journal
of B

asic E
ngineering, IX

X
X

I,
(1960): 35—

45.
van G

elder, "W
hat M

ight C
ognition B

e, If N
ot C

ontputation?"
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Figure 1: A
 m

odern control theoretic system
 description. T

he
vector u(t) is

the input to the system
. A

 and B
 are m

atrices that define
the behavior of the

system
, x(t) is the system

 state variable (generally a vector), and
x is the

derivative of the state vector. T
he standard transfer function in

control theory,
as show

n in the rectangle, is integration.'5

II. R
E

PR
E

SE
N

T
A

T
IO

N
 A

N
D

 D
Y

N
A

M
IC

S IN
N

E
U

R
A

L
 SY

ST
E

M
S: A

 T
H

E
O

R
Y

M
oving beyond m

etaphors—
that is, taking seriously the

view
 that

m
inds

are com
plex, physical, dynam

ic, and inform
ation processing

system
s—

m
eans using our best tools for describing system

s w
ith these

properties. In the rem
ainder of this section, 1

propose and defend a
theory of representation and dynam

ics in neural
system

s (R
&

D
 the-

ory) that takes precisely this approach. R
&

D
 theory

relies on m
odern

control theory, inform
ation theory, and

recent results from
 neurosci-

ence to provide an account of w
hat m

inds are.16
B

elow
 I have broken this account into three

parts. T
he first defines

representation, the second describes com
putation, and the

third see-
tion, on dynam

ics, show
s how

 the preceding characterizations
of rep-

resentation and com
putation can be m

erged w
ith control

theory to
provide an account of neural and cognitive function. T

he
result, I argue,

is a theory that avoids the w
eaknesses arid

capitalizes on the strengths
of past approaches.

11.1.
R

epresentation.
A

 central tenet of R
&

D
 theory is that

w
e can

adapt the inform
ation theoretic account of codes

to understanding

I have sim
plified this diagram

 for a generic linear
system

 from
 the typical, truly

general one found in m
ost control theory texts by excluding

tile feedthrough and
output m

atrices. N
othing turns on this sim

plitication
in this context.

6
F

oran in-depth technical description of this approach, see E
liasinith and C

harles
H

. A
nderson, N

eural E
ngineering: C

om
putation,

R
ep resenfation and D

ynam
ics in N

eurobio-
logical System

s (C
am

bridge: M
IT

, 2003).

representation in neural system
s. C

odes, in
engineering, are defined

in term
s of a com

plim
entary encoding

and decoding procedure be-
tw

een tw
o alphabets. M

orse code, for exam
ple,

is defined by the
one-to-one relation betw

een letters of the R
om

an
alphabet, and the

alphabet com
posed of a standard set of dashes and

dots. T
he encoding

procedure is the m
apping from

 the R
om

an
alphabet to the M

orse
code alphabet and tile decoding

procedure is its inverse.
In order to characterize representation iti

a cognitive/neural sys-
tem

, w
e can identify each of these procedures and their

relevant
alphabets. T

he encoding procedure is
quite easy to identify: it is the

transduction of stim
uli by the

system
 resulting in a series of neural

"action potentials," or "spikes." 'fire
precise nature of this encoding

has been explored in depth via quantitative
m

odels)7 So, encoding
is w

hat neuroscientists typically talk about.W
hen w

e show
 a cognitive

system
 a stim

ulus, som
e neurons or other "fire."

U
nfortunately, neuro-

scientists often stop here in their characterization
of representation,

but this is insufficient. W
e also need

to identify a decoding proce-
dure—

otherw
ise, there is no w

ay to determ
ine the

relevance of the
encoding for the system

. If no inform
ation

about the stim
ulus can

be extracted from
 a spiking

neuron, then it m
akes no sense to say

that it represents the stim
ulus.

R
epresentations, at a m

inim
um

, m
ust

potentially be able to "stand-in" for their
referents.

Q
uite surprisingly, despite typically nonlinear

encoding, a good
linear decoding can be found.'8

A
nd, there are several established

m
ethods for determ

ining linear decoders
given the statistics of the

neural populations that respond to certain stim
uli.'5

N
otably, these

decoders are sensitive both to the tem
poral

statistics of the stim
uli

and to w
hat other elem

ents in the population
encode. T

hus, if you
have m

ultiple neurons involved in the
(distributed) representation

of a tim
e-varying object, they

can "cooperate" to provide a betterrepre-
sentation.

H
aving specified the encoding and decoding

procedures, w
e still

need to specil the relevant alphabets.
W

hile the specific cases w
ill

diverge greatly, w
e can describe the alphabets

generally: neural re-
spouses (encoded alphabet) code physical properties

(decoded alpha-
bet). In fact, it is possible to be a bit

m
ore specific. N

euroscientists

'
S

ee
Jam

es M
. B

ow
er and D

avid B
eem

an, T
he l3ook of G

E
N

E
SIS:

E
xploring

R
ealistic

N
euralM

odels w
ith the G

E
neral N

E
ural SIm

ulation System
(B

erlin: Springer, 1998) for
a review

 of such m
odels.

'
A

s
dem

onstrated by Fred R
ieke et al., Spikes: E

xploringthe
N

eural C
ode (C

am
bridge:

M
IT

, 1997), pp. 76—
87.

'
A

s
discussed iii E

liasinith and A
nderson.

u(t)
x( t)

recurrent
m

atrix
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generally agree that the basic elem
ent of the neural alphabet is the

neural spike. T
here are m

any possibilities for how
 such spikes

are
used, how

ever: average production rate of neural spikes (that is, a
rate code); specific tim

ings of neural spikes (that is, a tim
ing code);

population-w
ide groupings of neural spikes (that is, a population code);

or the synchrony of neural spikes across neurons (that is, a synchrony
code). O

f these possibilities, arguably the best evidence exists for a
com

bination of tim
ing codes and population codes.2° For this

reason,
let us take the com

bination of these basic coding schem
es to define

the alphabet of neural responses. T
hus, tim

e encoded alphabet is the
set of tem

porally patterned neural spikes over populations of neurons.
It is m

uch m
ore difficult to be specific about the nature of the

alphabet of physical properties. O
f course, w

e can begin by looking
to the physical sciences for categories of physical properties that m

ight
be encoded by nervous system

s. Indeed, w
e find that

m
any of the

properties that physicists traditionally use do seem
 to be represented

in nervous system
s; for exam

ple, displacem
ent, velocity, acceleration,

w
avelength, tem

perature, pressure, and m
ass. B

ut there are
m

any
physical properties not discussed by physicists w

hich also seem
to be

encoded in nervous system
s; for exam

ple, red, hot,
square, dangerous,

edible, object, and conspecific. Presum
ably, all of these "higher-level"

properties are inferred on the basis of representations of properties
m

ore like those that physicists talk about. In other w
ords, encodings

of 'edible' depend, in som
e com

plex w
ay, on encodings of "low

-level"
physical properties like w

avelength, velocity, and so forth. W
hile R

&
D

theory itself does not determ
ine precisely w

hat is involved in such
com

plex relations, there is reason to suppose that R
&

D
 theory

pro-
vides the necessary tools for describing such relations. T

o
see w

hy
this is so, let us consider a sim

ple exam
ple.

It is clearly im
portant for an anim

al to be able to know
 w

here
various objects in its environm

ent are. A
s a result, in m

am
m

als, there
are a num

ber of internal representations of signals that convey and
update this kind of inform

ation. O
ne such representation is found

in parietal areas, particularly in the lateral intraparietal cortex (L
IP).

For sim
plicity, let us consider the representation of only the horizontal

position of an object in the environm
ent. A

s a population,
som

e
neurons in this area encode

an
object's position over tim

e. T
his repre-

sentation can be understood as a scalar variable, w
hose units

are

°
F

or
an overview

 of this evidence, see R
ieke et al.; E

liasm
ith and A

nderson; and
L

. A
bbott, "D

ecoding N
euronal Firing and M

odelling N
eoral N

etw
orks," Q

uarterly
R

eview
 of B

iophysics, xxvu, 3 (1994): 291—
331.

degrees from
 m

idline (decoded alphabet),
that is encoded into a

series of neural spikes (encoded
alphabet). U

sing the quantitative
tools m

entioned earlier,w
e can determ

ine the relevant decoder. O
nce

w
e have such a decoder, w

e can then estim
ate w

hat
the actual position

of the object is given the neural
spiking in this population. T

hus
w

e
can determ

ine precisely how
 w

ell (or w
hat

aspects of) the original
property (in this case, the actual position) is represented

by the neural
population. W

e can then use this
characterization to understand die

role that the representation plays in the
cognitive system

 as a w
hole.

A
s m

entioned, this is a sim
ple exam

ple.
B

ut notice that it not only
describes how

 to characterize representation,
it also show

s how
 w

e
can m

ove from
 talking about neurons to talking

about "higher-level"
variables, like object position. T

hat is,
w

e can m
ove from

 discussing
the "basic" representations

(that is, neural spikes) to "higher-level"
representations (that is, m

athem
atical objects w

ith
units). T

his sug-
gests that w

e can build up a kind of "representational
hierarchy" that

perm
its us to m

ove further and further
aw

ay from
 the neural-level

description, w
hile rem

aining responsible
to it. For instance, w

e could
talk about the larger population of

neurons that encodes position in
three dim

ensional
space. W

e could dissect this higher-level descrip-
tion into its low

er-levelcom
ponents (for exam

ple, horizontal, vertical,
and depth positions), or w

e could dissect
it into the activity of individ-

ual neurons. W
hich description

w
e em

ploy w
ill depend on the kind

of explanation w
e need. N

otably, this
hierarchy can be rigorously and

generally defined to include scalars,
vectors, functions, vector fields,

and so forth.2' T
he fact that all of the

levels of such a hierarchy
can

be w
ritten in a standard form

suggests that this characterization provides
a unified w

ay of understanding representation in
neurobiological

system
s.

N
ote that the focus of this article is

on how
 to characterize represen-

tational states,
com

putations
over these states, am

id the dynam
ics of

these states. A
s a result, I do

not directly address concerns related
to

content determ
ination. T

his is largely because such
a discussion w

ould
lead inc far afield. N

evertheless, it is
interesting to note that R

&
D

theory is suggestive of a particular approach
to content determ

ination.
N

otice, first, that both the encoding and decoding
are essential for

determ
ining the identity of a representation.

T
his m

eans that both
w

hat causes a neural
state, and how

 that State is used by the
system

are likely to play a role in content determ
ination.

T
his suggests that

som
e kind of tw

o-factor theory is consistent w
ith R

&
D

theory. A
s w

ell,

21T
his

generalization is m
ade explicit ii, E

liasnsith and
A

nderson, pp. 79—
80.
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a single neural state m
ay play a role in m

ultiple contents concurrently,
because distinct, yet related, representations (and hence contents)
can be identified at different levels of organization at the sam

e tim
e.

T
his m

ay initially seem
 problem

atic, but, because the relation betw
een

levels of representation is quantitatively defined (hence w
e know

precisely w
hat role a single neural state is playing in each of the

representations defined over it), w
e should expect the parallel content

relations to also be w
ell defined. O

f course, such com
m

ents only
provide a hint of a theory of content, they do not constitute one.22

In any case, there is no reason to consider such a theory of content if
its underlying theoretical assum

ptions are not appropriate to cognitive
system

s. So, w
e should notice that the strength of the previous charac-

terization of representation lies in its generality. T
hat is, regardless

of w
hat the higher-level representations look like (that is, w

hat kind
of m

athem
atical objects w

ith units they are), R
&

D
 theoryw

ill apply. So
R

&
D

 theory, w
hile having definite consequences for w

hat constitutes a
good representational story, is silent as to w

hich particular one is
correct for a given neural system

. T
his is desirable for a theoly of

m
ind because higher-level representations are clearly theoretical

pos-
tulates (at least at this point in the developm

ent of neuroscience).
W

hile w
e can directly m

easure the voltage changes of individual neu-
rons, m

aking claim
s about how

 they are grouped to represent the
w

orld is not easily confirm
able. Presum

ably, the right representational
story w

ill be the m
ost coherent and predictively successful one.

11.2. C
om

putation. O
f course, no representational characterization

w
ill be justified if it does not help us understand how

 the system
functions. L

uckily, a good characterization of neural representation
paves the w

ay for a good understanding of neural com
putation. T

his
is because, like representations, com

putations can be characterized
U

sing decoding. B
ut, rather than using the "representational decoder"

discussed earlier, w
e can use a "transform

ational decoder." W
e can

think of the transform
ational decoder as defining a kind of biased

decoding. T
hat is, in determ

ining a transform
ation, w

e extract infor-
m

ation other than w
hat the population is taken to represent. T

he bias,
then, is aw

ay from
 a "pure," or representational, decoding of the

encoded inform
ation. For exam

ple, if w
e think that the quantity x is

22
F

or
instance, in order to understand the relation betw

een representations at a
given organizational level, w

e need to consider com
putational relations, as discussed

in the next section. For an in-depth but prelim
inary discussion of a theory of content

that is consistent w
ith R

&
D

 theory, see m
y "I-low

 N
eurons M

ean: A
 N

eurocom
puta-

tioual T
heory ol R

epresentational C
ontent" (Ph.D

. diss., W
ashington U

niversity, St.
L

ouis, 2000).

encoded in som
e neural poptilation, w

hen defining
the representa-

tioti w
e determ

ine the representational decoders
that estim

ate x.
W

hen defining a com
putation, how

ever,
w

e identify transform
ational

decoders that estim
ate som

e
function,J(x), of the represented quan-

tity. In other w
ords, w

e find decoders that, rather than
extracting the

signal represented by a population, extractsom
e transform

ed version
of that signal. T

he sam
e techniques used

to find representational de-
coders are applicable in this

case, and result in decoders that can
support both linear and nonlinear transform

ations.23
G

iven this understanding of neural com
putation, there is

an im
por-

tant am
biguity that arises in the preceding characterization of

repre-
sentation, it stem

s from
 the fact that inform

ation encoded
into a

population tilay now
 be decoded in a variety ofw

ays. Suppose w
e are

again considering the population that encodes object
position. N

ot
surprisingly, w

e can decode that population to provide
an estim

ate
of object position. H

ow
ever, w

e cati also decode thatsam
e inform

ation
to provide an estim

ate of som
e function of object position

(for exam
-

ple, the square). Since representation is defined in
term

s of encoding
and decoding, it seem

s that w
e need

a w
ay to pick w

hich of these
possible decodings is the relevant one for defining the

representation
in the original population. T

o resolve this issue let
m

e specify that
w

hat a population represents is determ
ined by the

decoding that
results in the quantity that all other decodings

are functions of. T
hus,

in this exam
ple, the population w

ould be said
to represent object

position (since both object position and its
square are decoded). O

f
course, object position is also a function of the square of object
position (that is, x =

Jx2).
T

his further difficulty can be resolved by
noticing that the right physical quantities (that is, the decoded

alpha-
bet) for representation are those that are part of

a coherent, consis-
tent, and useful theory. In other w

ords, w
e characterize cognitive

system
s as representing positions because w

e characterize the w
orld

in term
s of positions, and cognitive system

s
represent the w

orld.
Im

portantly, this understanding of neural com
putation

applies at
all levels of the representational hierarchy, and

accounts for com
plex

transform
ations. So, for exam

ple, it can be used
to define inference

relations, traditionally thought necessary for characterizing the
rela-

tions betw
een high-level representations. A

gain consider
the specific

exam
ple of determ

ining object position. Suppose that
the available

data from
 sensory receptors tnake it equally likely that

an object is in
one of tw

o positions (represented as a bim
odal probability distribution

23
A

s
dem

onstrated in E
liasm

uith and A
nderson,

pp. 143—
60.
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over possible positions). A
lso suppose, how

ever, that prior inform
a-

tion, in the form
 of a statistical m

odel, favors one of those positions
(perhaps one is consistent w

ith past know
n locations given current

velocity, and the other is not). U
sing the notion of com

putation
defined above, it is straightforw

ard to build a m
odel that incorporates

transform
ations betw

een, and representations of (1) the top-dow
n

m
odel, (2) the bottom

-up data, and (3) the actual inferred position
of the object (inferred based on B

ayes's rule, for exam
ple). A

s ex-
pected, in this situation the m

ost likely position given the a priori
inform

ation w
ould be the one consistent w

ith the top-dow
n m

odel.
If the bottom

-up data is significantly stronger in favor of an alternate
position, how

ever, this w
ill influence the preferred estim

ate, as ex-
pected.24 So, although sim

ple, perform
ing linear decoding

can sup-
port the kinds of com

plex transform
ations needed to articulate de-

scriptiôns of cognitive behavior. Statistical inference is just one
exam

ple.
B

efore m
oving on to a consideration of dynam

ics, it is im
portant to

realize that this w
ay of characterizing representation arid com

putation
does not dem

and that there are "little decoders" inside the head.
T

hat is, this view
 does not entail that the system

 itself needs to decode
the representations it em

ploys. In fact, according to this
account,

there are no directly observable counterparts to the representational
or transform

ational decoders. R
ather, they are em

bedded in the syn-
aptic w

eights betw
een neighboring neurons. T

hat is, coupling w
eights

of neighboring neurons indirectly reflect a particular population de-
coder, but they are not identical to the population decoder. T

his is
because connection w

eights are best characterized as determ
ined by

both the decoding of the incom
ing signal and the encoding of the

outgoing signal. Practically speaking, this m
eans that changing a con-

nection w
eight both changes the transform

ation being perform
ed

and the tuning curve of the receiving neuron. A
s is w

ell know
n from

both connectionism
 and com

putational neuroscience, this is exactly
w

hat happens in such netw
orks. In essence, the eiicoding/decoding

distinction is not one that neurobiological system
s need to respect in

order to perform
 their functions, but it is extrem

ely useful in trying
to understand such system

s arid how
 they do, in fact, m

anage to
perform

 those functions.
11.3. D

ynam
ics. W

hile it niay be understandable that dynam
ics

w
ere

24
F

or
the technical derails and results of the m

odel described here, see E
liasm

nith
and A

nderson, pp. 275—
83. For a brief discussion of m

ore logic-like inference on
Sym

bolic representations, see section lv.!.

initially ignored by those studying cognitive
system

s as com
putational

system
s (theoretically, tim

e is irrelevant for successful com
putation),

it w
ould be strange, indeed, to leave dynam

ics
out of the study of m

inds
as physical, neurobiological system

s. E
ven the sim

plest nervous
system

s
perform

ing the sim
plest functions dem

and tem
poral characterizations

(for exam
ple, locom

otion, digestion, and sensing). It is not surprising,
then, that single neural cells have alm

ost alw
ays been m

odeled by
neuroscientists as essentially dynam

ic system
s. In

contem
porary neuro-

science, electrophysiologists often analyze cellular
responses in term

s
of 'onsets', 'latencies', 'stim

ulus intervals', 'steady
states', 'decays', and

so forth—
these are all term

s describing tem
poral properties of

a
neuron's response. T

he fact is, the system
s under study in

neurobiology
are dynam

ic system
s and as such they m

ake it very difficult to ignore tim
e.

N
otably, m

odern control theory w
as developed precisely because

understanding com
plex dynam

ics is essential for building
som

ething
that w

orks in the real w
orld. M

odern control theory perm
its

both the
analysis and synthesis of elaborate dynam

ic
system

s. B
ecause of its

general form
ulation, m

odern control theory applies
to chem

ical, m
e-

chanical, electrical, digital, or analog system
s. A

s w
ell, it

can be used
to characterize nonlinear, tim

e-varying, probabilistic, or noisy
system

s.
A

s a result of this generality, m
odern control theory is

applied to a
huge variety of control problem

s, including autopilot design,
spacecraft

control, design of m
anufacturing facilities, robotics, chem

ical
process

control, electrical system
s design, design of environm

ental regulators,
and so on. It should not be surprising, then, that it

proves useful for
the analysis of the dynam

ics of cognitive, neurobiologicalsystem
s as w

ell.
H

aving identified quantitative tools for characterizing
dynam

ics,
and for characterizing representation and com

putation,
how

 do w
e

bring them
 together? A

n essential step in em
ploying the

techniques
of control theory is identifsing the system

state variable (x(t) in Figure
1). G

iven the preceding analysis of representation, it is natural
to

suggest that the state variable just is the neural representation.
T

hings are not quite so sim
ple, how

ever. B
ecause

neurons have
intrinsic dynam

ics dictated by their particular physical
characteristics,

w
e m

ust adapt standard control theory to neurobiological
system

s.
Fortunately, this can be done w

ithout loss of generality.25 A
s

w
ell,

all of the com
putations needed to im

plem
ent such

system
s can be

im
plem

ented using transform
ations as defined earlier. A

s
a result,

w
e can directly apply the m

yriad techniques hr analyzing com
plex

25
F

or
the relevant derivations, see E

liasruith arid A
nderson,

pp. 221—
25.
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Figure 2: A
 control theoretic description of neurobiological system

s. A
ll vari-

ables are the sam
e as iii Figure 1. H

ow
ever, the m

atrices A
' and B

' take into
account that there is a different transfer function, h,,,,(t), tham

i in Figure 1.
A

s w
ell, x(t) is taken to be represented by a neural population.

dynam
ic system

s that have been developed using m
odern control

theory to this quantitative characterization of neurobiologicalsystem
s.

T
o get a sense of how

 representation and dynam
ics can be inte-

grated, let us revisit the sim
ple exam

ple introduced previously: object
position representation in area L

IP. N
ote that anim

als often need to
know

 notjust w
here som

e object currently is, they need to rem
em

ber
w

here it w
as. D

ecades of experim
ents in L

IP have show
n thatneurons

in this area have sustained
responses during the interval betw

een a
brief stim

ulus presentation and a delayed "go" signal.25 In other w
ords,

these neurons seem
 to underlie the (short-term

)
m

em
ory of w

here
an interesting object is in the w

orld. R
ecall that I earlier characterized

this area as representing x(t), the position of
an object. N

ow
 w

e know
the dynam

ics of this area, nam
ely, stability w

ithout subsequent input.
A

ccording to R
&

D
 theory, w

e can let the representation be the state
variable for the system

 w
hose dynam

ics are characterized in this
m

anner.
M

athem
atically, these dynam

ics are easy to express w
ith a differen-

tial equation: x(t) =
f

u(t) dt. In w
ords, this system

acts as a kind of
integrator. In fact, neural system

s w
ith this kind of dynam

ics
are often

called "neural integrators" and are found in a num
ber of braiii

areas,
including brainstem

, frontal lobes, hippocam
pus, and parietal

areas.
N

eural integrators act like m
em

ories because w
hen there is

no input

26F
or

a detailed description and review
 of these experim

ents and their results,
See C

. C
olby and M

. G
oldberg, "Space and A

ttention in Parietal C
ortex," A

nnual
R

eview
of N

euroscience, xxii (1999): 319—
49, and R

. A
ndersen, L

. Snyder, D
. B

radley,
andJ. X

ing, "M
ultim

odal R
epresentation of Space iii the Posterior Parietal C

ortex
and Its U

se in Planning M
ovem

ents," A
nnual R

eview
ofN

euroscience, xx (1997): 303—
30.

(that is, u(t)
0),

the change in the output over tim
e is 0

(that is,
=

=
 0).

T
hus, such system

s are stable w
ith no subsequent inputs.

L
ooking for the m

om
ent at Figure 1, w

e can
see that the desired

values of the A
 and B

 m
atrices w

ill be 0 and 1 respectively in order
to im

plem
ent a system

 w
ith these dynam

ics. Since w
e have a

m
eans

of "translating" this canonical control system
into one that respects

neural dynam
ics, w

e can determ
ine the values of A

' and B
' in

Figure
2; they turn out to be 1 arid r (the lim

e constant of the intrinsic neural
dynam

ics), respectively. W
e can now

 set about building
a m

odel of
this system

at the level of single spiking neurons w
hich gives rise to

these dynam
ics—

originally described at a higher level. In
fact, the

representation in L
IP is far m

ore com
plex than this, but the

represen-
tational characterization of R

&
D

 theory is a general
one, so such

com
plexities are easily incorporated. A

s w
ell, m

ore com
plex dynam

ics
are often necessary for describing neural system

s, but again, the
gener-

ality of R
&

D
 theory allow

s these to be incorporated using sim
ilar

techniques.27 So, w
hile the neural integrator m

odel is
extrem

ely sim
-

ple, it show
s how

 R
&

D
 theory provides a principled

m
eans of ex-

plaining a cognitive behavior (that is, m
em

ory) in a neurally plausi-
ble netw

ork.
11.4.

T
hree principles. R

&
D

 theory is
succinctly sum

m
arized by

three principles:

() N
eural representations are defined by the com

bination of nonlinear
encoding (exem

plified by neuron tuning curves) and w
eighted liii-

ear decoding.
(2) T

ransform
ations of neural representations are functions of variables

that are represented by neural populations. T
ransform

ations
are

determ
ined using an alternately w

eighted linear decoding.
(3) N

eural dynam
ics are characterized by considering neural

represen-
tations as control theoretic state variables. T

hus, the dynam
ics of

neurobiological system
s can be analyzed using control theory.

T
o sum

m
arize these principles, Figure 3 show

s
a "generic neural

subsystem
." T

his figure synthesizes the previous characterizations of
representation, com

putation, and dynatnics,
across m

ultiple levels
of description.

W
hile recent, this approach has been successfully used

to character-
ize a num

ber of different system
s including the vestibular

system
,

the lam
prey loconiotive system

, the eye stabilization
system

, w
orking

27F
or

various exam
ples, see E

liasm
ith and A

nderson, especially chapters 6 and 8.

u(t)
x(t)
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Figure 3: G
eneric neural subsystem

. A
 synthesis of the preceding characteriza-

tions of representation (encoding/decoding), com
putation (biased decod-

ing), and dynam
ics (captured by h3(t) and the dynam

ics m
atrices). D

otted
lines distinguish basic-level (that is, neural) and higher-level (that

is, m
athe-

m
atical objects w

ith units) descriptions.

m
em

ory,28 and the lim
b control system

.29 A
s w

ell,
a rigorous form

ula-
tion of each of these principles is available.30

III. C
O

M
PA

R
ISO

N
 T

O
 C

U
R

R
E

N
T

 A
PPR

O
A

C
H

E
S

N
otice that R

&
D

 theory is not a description of cognitive
system

s as
"being like" anything; cognitive system

s are neurobiological
system

s
that are best described by certain w

ell-established quantitative tools
for describing physical system

s. T
hat is, I am

 not proposing
an analogy

of "the m
ind as neural integrator" or

even "the m
ind as a control

system
." W

hile w
e m

ay notice that certain control structures m
im

ic
som

e behaviors of neurobiological system
s, w

e have to build the de-
tailed neurobiological m

odel and then determ
ine if the m

ind really
does w

ork that w
ay. In other

w
ords, R

&
D

 theory in no w
ay suggests

w
e should stop at the analogy. R

ather, it gives us principled m
easis of

28T
hese

exam
ples can all be found in E

liasm
ith and A

nderson.
°

A
s

described in Z
. N

enadic, A
nderson, and B

. G
hosli, "C

ontrol of A
rm

 M
ovem

ent
U

sing a Population of N
eurons," M

athem
atical and C

om
puter M

odelling,
xxxv (2002)

1261—
69.

°
T

his
forniulation can be found in E

liasm
ith and A

nderson, pp. 230—
31.

com
paring a full-blow

n, neuron-level im
plem

entation
w

ith the actual
neurobiological system

. C
onnectionists, sym

bolicists,
and dynainicists

typically build m
odels that begin and end w

ith
m

etaphors; in particu-
lar, they do not specify how

 their m
odels relate

to the m
ind as a

physical system
. B

ut, the devil is in the details.
T

o see w
hat is gained by m

oving
aw

ay from
 the various m

etaphors
that have dom

inated theorizing about the
m

ind, let m
e briefly com

-
pare R

&
D

 theory to past approaches. In doing
so, I describe several

of w
hat I take to be the central strengths

and w
eaknesses of each

approach. T
hese lists are not intended

to be exhaustive, but represerm
-

tative. So long as 1 aui right about
at least one of each, m

y claim
 that

R
&

D
 theory should be preferred follow

s.
III.]. Sym

bolicisin. T
he central problem

 forsym
nbolicists, w

hich I have
already m

entioned, is that tim
e is largely

ignored, or considered only
after the fact.3t O

ther typicalconcerns about sym
bolic m

odels include
their brittleness (that is, lack of ability

to survive partial destruction
of the system

 or its representations),
high-level discreteness,32 and

unconvincing descriptions of low
-level

perceptual processes.33 R
&

D
theory suffers from

 none of these lim
itations

due to its essential
inclusion of tim

e and its responsibility
to the underlying neural archi-

tecture.
T

he central strengths of sym
nbolicism

are dem
onstrated by its m

any
past successes (for exam

ple, A
C

T
 and SO

A
R

). T
hese

are largely due
to its espousal of cognitivism

, that is, its w
illingness

to peer inside the
black box. D

oing so has m
ade representation

an essential ingredient
for providing good explanations of cognitive

system
s. A

s w
ell, sym

bol-
icism

 is supported by a pow
erful and

general theory of com
putation.

T
ogether, the com

m
itm

ent to representation
and the quantitative

theory of com
putation, m

ake fora unified understanding of cognitive
system

s. R
&

D
 theory shares sim

ilar strengths. W
hile

com
putational

theory is bolstered by including control and
inform

ation theory, and
the notion of representation is sharpened

to relate directly to neural

a Perhaps the
m

ost
concerted

effort to include tim
e in such m

odels is in A
llen

N
ew

ell's U
n(fled T

heories
O

f
C

ognition (C
am

bridge: H
arvard, 1990). T

his
attem

pt,
how

ever, is both after-the-fact and largely inconsistent,
as discussed in m

y "l'he
T

hird C
ontender: A

 C
ritical E

xam
ination of the

D
ynam

nicist T
heory of C

ognition,"
Philosophical Psychology, ix, 4 (1996): 441—

63.
32A

s discussed in E
. Sm

ith, "C
oncepts and

Induction," in M
ichael Posner, ed.,

hm
ndations of C

ognitive Science (C
am

bridge: M
IT

,
1989), pp. 501—

26.
T

his is m
ade clear in the case of visual

processes by P. C
liurchland, V

. R
am

achais-
clran, and T

. Sejnow
ski, "A

 C
ritique of Pure V

ision," in
C

liristof K
och and Joel

L
. D

avis, eds., I.asge-Sale N
euronal T

heories
of the B

rain (C
am

bridge: M
IT

, 1994),
pp. 23—

60.

recurrent
connections
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system
s, the ability to provide unified representational explanations

rem
ains.

T
hat being said, a typical concern of sym

bolicists regarding
ap-

proaches that are concerned w
ith neural im

plem
entations, is that the

dem
onstrated sym

bol m
anipulating abilities of cognitive system

s
are

lost in the concern for neural detail. In one
sense, this issue is easily

addressed in the context of R
&

D
 theory. T

his is because the num
eric

representations in R
&

D
 theory are just another kind of syntax. W

hile
it is not a typical syntax for the logic used to describe cognitive function
by sylnbolicists, the syntax itself does not determ

ine the kinds of
functions com

putable w
ith the system

.34 G
iven the discussion in

sec-
tion 111.2, w

e know
 that this theory supports quite general

com
puta-

tion, that is, linear and nonlinear functions. A
s a result, m

ost, if not
all, of the functions com

puted w
ith standard sym

bolicist syntax can
be com

puted w
ith the num

erical syntax adopted by R
&

D
 theory.

M
ore to the point, perhaps, past w

ork using num
erical distributed

representations has show
n that structure sensitive processing of the

kind dem
anded by Fodor and Z

enon Pylyshyn35
can be achieved in

such a system
.tm

 Furtherm
ore, this kind of representationalsystem

 has
been used to m

odel high-level cognitive functions, like analogical
m

apping.37 A
s a result, structured sym

bol m
anipulation is

not lost by
adopting R

&
D

 theory. R
ather, a precise neural description of such

m
anipulation is gained.
111.2. G

onneclionism
. O

f past approaches, connectionism
 is probably

the m
ost sim

ilar to R
&

D
 theory. T

his raises the question: Is R
&

D
theory m

erely glorified connectionism
? A

 firstresponse is to note that
glorifying connectionism

 (that is, m
aking it m

ore neurally plausible)
is no m

ean feat. T
he neural plausibility ofm

any connectionist m
odels

leaves m
uch to be desired. L

ocalist m
odels are generally not neurally

plausible at all. B
ut even distributed m

odels seldom
 "look" m

uch like
real neurobiological system

s. T
hey include

neurons w
ith continuous,

real-valued inputs and outputs, and often have purely linearor generic
sigm

oid response functions. R
eal neurobiological netw

orks have highly

T
his general point has been argued inJ. G

uard, "Proof-N
ets: T

he Parallel Syntax
for Proof-T

heory," in A
ldo U

rsini and Paulo A
gliano, eds., L

ogic and A
lgebra

(N
ew

Y
ork: M

arcel D
ekker, 1996), pp. 97—

124; and J. G
irarci, "L

inear L
ogic," T

heoretical
C

om
puter Sciesue, i.,

1
(1987): 1—

102.
"C

onnectionisns and C
ognitive A

rchitecture: A
 C

ritical A
nalysis," C

ognition,
xxviii (1988): 3—

71.
a A

s dem
onstrated in T

. Plate, "D
istributed

R
epresentations and N

ested C
oinposi-

tional Structure" (Ph.D
. diss., U

niversity of T
oronto, 1994).

A
s in E

liasm
ith and T

lsagard, "Integrating Structure and M
eaning: A

 D
istributed

M
odel of A

nalogical M
apping,' C

ognitive Science, xxv, 2 (2001): 245—
86.

heterogeneous, nonlinear, spiking
neurons. C

oniiectionists them
-

selves are seldom
 certain precisely w

hat the relation
is betw

een their
m

odels and w
hat goes on the brain.38

O
f course, such connectionist m

odels
are far m

ore neurally plausi-
ble than sym

bolicist ones. A
s

a result, they are not brittle like sym
bolic

system
s, but rather degrade gracefully w

ith dam
age. A

s
w

ell, they are
suprem

ely statistically sensitive and
are thus ideal for describing m

any
perceptual and cognitive processes that have eluded

sym
bolicists. A

nd
finally, connectionist m

odels do, on
occasion, consider tim

e to be
central to neural processing.39 A

gain, R
&

D
 theory

shares each of these
strengths and, in fact, im

proves on
a num

ber of them
 (for exam

ple,
neural plausibility, and the integration of

tim
e).

B
ut, m

ore im
portantly, R

&
D

 theory also
goes beyond connection-

ism
. C

onnectionism
 has been predom

inantly a bottom
-up

approach
to cognitive m

odeling. T
he basic m

ethod is straightforw
ard:

connect
sim

ple nodes together and train them
 to

com
pute com

plex functions.
W

hile this approach can provide
som

e useful insights (for exam
ple,

determ
ining w

hat kinds of statistical structure
can be detected in the

training set), it is unlikely to lead to
a useful m

odel of a brain that
consists of billions of neurons. C

onnecting
ten billion nodes together

and training them
 w

ill probably not result in
m

uch. So, one of the
m

ain difficulties that connectionism
 suffers from

is the lack of a
principled m

ethod.
Progress in decom

posing com
plex physical

system
ns often necessi-

tates an integration of bottom
-up and top-dow

n inform
ation.10

So, in
the case of neurobiology, it is essential

to be able to test top-dow
n

hypotheses regarding brain function that
are consistent w

ith know
n

low
er-level facts. T

hat is, w
e m

ust be able to relate
high-level character-

izations of psychologicalprocesses (for exam
ple, "w

orking m
em

ory")
to m

ore specific im
plem

entational claim
s (for exam

ple,
that netw

orks
of certain kinds of neurons can realize such

processes). C
onnectionists,

unfortunately, have no principled m
ethod for

incorporating top-dow
n

constraints on the design and analysis of their
m

odels. R
&

D
 theory, in

contrast, explicitly com
bines both higher- and low

er-level
constraints

on m
odels.

See the various discussions by the editors in M
cC

lelland
and R

um
elhart, eds.,

Parallel D
istributed Processing: E

xplorations in the M
icrostructure

of C
ognition, V

olum
e 2.

See the selection of the exam
ples iii Patricia S.

C
hurchiand and T

errence J.
Sejnow

ski, T
he C

om
putational B

rain (C
am

bridge: M
IT

,
1992).

40A
s argued by B

echtel and R
obert C

. R
ichardson in

their D
iscovesing C

om
plexity:

D
ecom

position and L
ocalization as Strategies in

S-ientific R
esearch (Princeton: U

niversity
Press, 1993).
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T
he third principle of R

&
D

 theory captures this synthesis. It is w
ith

this principle that the analyses of representation, C
om

putation, and
dynam

ics com
e together (see Figure 3). A

s an exam
ple, consider the

recent proposal by R
ajesh R

ao and D
ana B

allard41 that the visual
system

 acts like a dynam
ic, optim

al linear estim
ator (that is, a linear

control structure know
n as a K

alinan filter) 42
U

sing
R

&
D

 theory, w
e

can build a large-scale, com
plex netw

ork to test this hypothesis. T
his

is because the hypothesis is a precise high-level description, there is
a significant am

ount of neural data available regarding the visual
system

, and principle three tells us how
 to com

bine these. U
sing the

tools of connectionism
, w

e sim
ply cannot test this kind of high-level

claim
. It is not at all evident how

 w
e can train a netw

ork to realize
an optim

al estim
ator, or w

hat an appropriate netw
ork architecture

w
ould be. So, R

&
D

 theory is able to test high-level hypotheses in w
ays

not available to connectionists. T
his m

akes R
&

D
 theory m

uch better
able to bridge the gap betw

een psychological and neural descriptions
of behavior than connectionism

.
A

nother w
ay of m

aking this point is to contrast the kind of character-
ization of dynam

ics principle three offers, w
ith that typical of connec-

tionism
. W

hile connectionists often consider the im
portance of tim

e,
and, in particular, have introduced and explored the relation betw

een
recurrent netw

orks and dynam
ic com

putation, they do not have a
system

atic m
eans of analyzing or constructing netw

orks w
ith these

properties. Principle three, by adopting control theory, m
akes such

analyses possible w
ithin R

&
D

 theory. T
hat is, control theory has a

large set of w
ell-established quantitative tools for both analyzing and

constructing control structures. A
nd, because R

&
D

 theory provides
a m

eans of intertranslating standard and "neural" control structures,
such tools can be used in a neurobiological context. T

his is extrem
ely

im
portant for understanding the dynam

ic properties, and otherw
ise

predicting the overall behavior of a netw
ork constructed using the

R
&

D
 approach. In other w

ords, R
&

D
 relates rather im

precise connec-
tionist notions like 'recurrence' to a specific understanding of the
dynam

ics of physical system
s that is subject to w

ell-know
n analytical

tools. T
his m

akes it possible to design netw
orks rigorously, w

ith highly

4!
"P

redictive
C

oding in the V
isual C

ortex: A
 Functional Interpretation of Sonic

E
xtra-C

lassical R
eceptive-Field E

ffects," N
ature N

euroscience, ii, 1 (1999): 79—
87.

42 A
notherhigh-level hypothesis regarding the use of the K

alinan filter has been
m

ade in the context of the construction and use of cognitive m
aps in hippocanipus

in K
. B

alakrishnan, 0. B
ousquet, and V

. I lonavar, "Spatial I .earning and L
ocalization

in A
nim

als: A
 C

om
putational M

odel and Its Im
plications for M

obile R
obots," A

daptive
B

ehavior, vii, 2 (1999): 173—
216.

com
plex dynam

ics (like the K
alm

an filter m
entioned earlier), a task

left m
ostly to chance w

ith connectionism
.

T
he previous discussion show

s how
 principle three supports build-

ing netw
orks that have the com

plex dynam
ics dem

anded by a higher-
level hypothesis. In addition, principle three supports building netw

orks
that have the com

plex representations dem
anded by a higher-level

hypothesis. For exam
ple, FJiasm

ith and A
nderson43 describe a m

odel
of w

orking m
em

ory that accounts for representational phenom
ena

not previously accounted for. Specifically, this m
odel em

ployed com
plex

representations to dem
onstrate how

 w
orking m

em
ory could be sensitive

not only to spatial properties (that is, position) but to other properties
concurrently (for exam

ple, shape). In addition, the m
odel gives rise

to both neural predictions (for exam
ple, connectivity and firing pat-

terns), and psychological predictions (for exam
ple, kinds of error

and conditions for error). T
his w

as possible only because R
&

D
 theory

provides a m
eans of determ

ining the detailed connection w
eights

given high-level descriptions of the system
. A

gain, it is unclear how
such a netw

ork could have been learned (that this is not an
easy task

is a good explanation for w
hy it had not been previously done).

in both of these exam
ples, R

&
D

 theory is distinguished from
 con-

nectionism
 because it does not share the sam

e heavy reliance on
learning for m

odel construction. U
nfortunately, getting a m

odel to
learn w

hat you w
ant it to can be extrem

ely challenging,
even if you

build in large am
ounts of innate inform

ation (and choosing w
hat to

build in tends to be som
ething of an art). B

ut, connectionists have
little recourse to alternative m

ethods of netw
ork construction, so the

severe lim
itations and intrinsic probletns w

ith trying to learn com
plex

netw
orks are an inherent feature of connectionism

. R
&

D
 theory,

in contrast, allow
s for high-level characterizations of behavior to be

im
posed on the netw

ork that is constructed. A
s a result, connection

w
eights can be analytically determ

ined, tiot learned.
N

evertheless, R
&

D
 theory is also able to incorporate standard learn-

ing rules.44 A
nd, m

ore than this, R
&

D
 theory can provide new

 insights
regarding learning. T

his is because being able analytically to construct
w

eights also provides som
e insight into m

ethods for deconstructing
w

eights. So, given a set of learned w
eights, the techniques of R

&
D

theory can be used to suggest w
hat function is being instantiated by

"B
eyond B

um
ps: Spiking N

etw
orks that Store Sm

ooth N
-D

im
ensional Functions,"

N
eurocom

puting, xxxviii (2001): 581—
86.

A
s discussed in chapter 9 ofE

liasm
ith and A

nderson, N
enralE

ngineering: C
om

puta-
tion, R

epresentation and D
ynam

ics in N
eurobiological Ststem

s.
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the netw
ork.45 O

ften, w
hen som

e input/output m
apping has been

learned by a connectionist netw
ork, it is veiy difficult to know

 exactly
w

hich function has been learned because the testable m
appings w

ill
alw

ays be finite. U
sing R

&
D

 to determ
ine w

hich linear decoders com
-

bine to give a set of provided connection w
eights can be used to give

an exhaustive characterization of w
hat higher-level function is actually

being com
puted by the netw

ork.
Such connection w

eight analyses are possible because R
&

D
 theory,

unlike connectionism
, explicitly distinguishes the encoding and de-

coding processes w
hen defining representation and com

putation.
W

hile the relation betw
een this distinction and the observable proper-

ties of neurobiological system
s is subtle, as noted in section

111.2, the
theoretical payoff is considerable.

T
o sum

m
arize, R

&
D

 theory should be preferred to connectionism
for tw

o m
ain reasons. First, R

&
D

 provides for a better understanding
of neural connection w

eights, no m
atter how

 they are generated.
T

here is m
uch less m

ystery to a netw
ork's function if w

e have a good
m

eans of analyzing w
hatever it is that determ

ines that function. W
hile

learm
ng is pow

erful, and biologically im
portant, it cannot be a replace-

m
ent for understanding w

hat, precisely, a netw
ork is doing. Second,

R
&

D
 theory provides a principled m

eans of relating neural and psy-
chological data. T

his m
akes representationally and dynam

ically com
-

plex cognitive phenom
ena accessible to neural level m

odeling. G
iven

a high-level description of the right kind, R
&

D
 theory can help us

determ
ine how

 that can be realized in a neural system
. C

onnectionists,
in contrast, do not have a principled m

eans of relating these tw
o

dom
ains. A

s a result, high-level hypotheses can be difficult to test in
a connectionist fram

ew
ork.

So, unlike connectionism
n, R

&
D

 theory carefully relates neural and
psychological characterizations of behavior to provide new

 insights
into both. A

nd, w
hile it is possible that certain hybrid m

odels (either
syinbolicist/connectionist hybrids, or localist/distrihuted hybrids) m

ay
m

ake up for som
e of the lim

itations of each of the com
ponents of

the hybrid alone, there is an im
portant price being paid for that

kind of im
provem

ent. N
am

ely, it becom
es unclear precisely w

hat the
cognitive theory oh offer is supposed to be. R

&
D

 theory, in contrast,
is highly unified and succinctly sum

m
arized by three sim

ple, yet
quan-

tifiable, principles. T
o put it sim

ply, O
ccain's razor cuts in favor of

R
&

D
 theory. B

ut, it should he reiterated that this unification buys

n lor
a sim

ple exam
ple, see E

liasm
nith and A

nderson, N
eural E

ngineering, pp.
294—

98.

significantly m
ore than just a sim

pler theory. It provides a unique set
of conceptual tools for relating, integrating, and analyzing neural and
psychological accounts of cognitive behavior.

111.3. D
ynam

icism
. O

f the three approaches, dynam
icism

, by design,
is the m

ost radical departure from
 the "m

ind as com
puter" m

etaphor.
in som

e w
ays, this explains both its strengths and its w

eaknesses.
H

aving derided talk of representation and com
putation, dynam

icists
have put in their place talk of "lum

ped param
eters," and "trajectories

through state-space." U
nfortunately, it is difficult to know

 how
 lum

ped
param

eters (for exam
ple, "m

otivation" and "preference")46 relate to
the system

 that they are supposed to help describe. W
hile w

e can
m

easure the arm
 angle of the W

att G
overnor, it is not at all clear

how
 w

e can m
easure the "m

otivation" of a com
plex neurobiological

system
. B

ut this kind of m
easurem

ent is dem
anded by dynam

icist
m

odels. A
s w

ell, som
e dynam

icists insist that cognitive m
odels m

ust
be low

-dim
ensional, in order to distinguish their m

odels from
 those

of connectionists.47 B
ut insistence on low

-dim
ensionality greatly re-

duces the flexibility of the m
odels, and does not seem

 to be a princi-
pled constraint.48 Finally, because the W

att G
overnor, a standard ex-

am
ple of a classical control system

, has been chosen as a central
exem

plar of the dynam
icists approach, the w

ell-know
n lim

itations of
classical control theory are likely to plague dynam

icisrn. C
learly, these

lim
itations are not ones shared by R

&
D

 theory.
W

hat the replacem
ent of the "m

ind as com
puter" m

etaphor by the
"m

ind as W
att G

overnor" m
etaphor gained for dynam

icists w
as an

appreciation of the im
portance of tim

e for describing the behavior of
cognitive system

s. N
o other approach so relentlessly and convincingly

presented argum
ents to the effect that cognitive behaviors are essen-

tially tem
poral.49 If, for exam

ple, a system
cannot m

ake a decision
before all of the options have (or the system

 has) expired, there is
little sense to be m

ade of the claim
 that such a system

 is cognitive.

46
T

hese
are Iw

o of the lum
ped param

eters included in the m
odel of feeding

described in J. B
usem

eyer and J. T
ow

nsend, "D
ecision Field T

heory: A
 D

ynam
ic-

C
ognitive A

pproach to D
ecision M

aking in an U
ncertain E

nvironm
ent," Psyc/w

iogical
R

eview
, C

, 3 (1993): 432—
59.

van G
elder, "W

hat M
ight C

ognition B
e, If N

ot C
om

putation?"
48

T
hese

points are discussed in detail in m
y "C

om
m

entary: D
ynam

ical M
odels

and van G
elder's D

ynam
icism

: T
w

o D
ifferent T

hings," B
ehavioral and B

rain Sciences,
X

X
I, 5 (1998): 615—

65, and m
y "T

he T
hird C

ontender: A
 C

ritical E
xam

ination of
the D

ynam
nicist T

heory of C
ognition."

v Such
argum

ents are prom
inent in both van G

elder's "W
hat M

ight C
ognition

B
e, If N

ot C
om

putation?" and his "T
he D

ynam
ical H

ypothesis in C
ognitive Science,"

B
ehavioral and B

ram
n Sciences, xxi, 5 (1998): 615—

65, and the various contributions to
Port and van (;elder.
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Furtherm
ore, there is evidence that perception and action, tw

o clearly
tem

poral behaviors, provide the foundation for m
uch of our "m

ore
cognitive" behavior.50 W

hile dynam
icists have done a good job of

m
aking this kind of argum

ent, the consequences of such argum
ents

need not include the rejection of representation and com
putation

that dynam
icists espouse. R

&
D

 theory, w
hich essentially includes pre-

cisely these kinds of dynam
ics, show

s how
 representation, com

puta-
dorm

, and dynam
ics can be integrated in order to tell a unified story

about how
 the m

ind w
orks.

111.4. D
iscussion. So, in short, R

&
D

 theory adopts and im
proves upon

the dynam
ics of dynam

icism
, the neural plausibility of connectionism

,
and the representational com

m
itm

ents of sym
bolicism

. A
s such, it is

a prom
ising synthesis and extension of past approaches to understand-

ing cognitive system
s, because it includes the essential ingredients.

O
f course, it is not clear w

hether R
&

D
 theory com

bines those ingredi-
ents in the right w

ay. B
ecause it is a recent proposal for explaining

cognitive system
s, its current successes are few

. W
hile it has been used

to effectively m
odel perceptual (the vestibular system

), m
otor (eye

control), and cognitive (w
orking m

em
ory) processes, these particular

exam
ples of perceptual, m

otor, and cognitive behavior are relatively
sim

ple. So, w
hile the resources for constructing neurally plausible

m
odels of phenom

ena that dem
and com

plex dynam
ics over com

plex
representations are available, it rem

ains to be clearly dem
onstrated

that such com
plexity can be incorporated into R

&
D

 theoretic m
odels.

A
s w

ell, R
&

D
 theory does not, in itself, satisfactorily answ

er questions
regarding the sem

antics of representational states. A
s Fred D

reiske5m
has noted, coding theory does not solve the problem

 of representa-
tional sem

antics. T
hus, R

&
D

 theory needs to be supplem
ented w

ith
a theory of m

eaning, as m
entioned in section 111.1. In fact, I think

R
&

D
 theory suggests a novel theory of m

eaning that avoids the p rob-
lenis of past theories.55 N

evertheless, this rem
ains to be clearly dem

on-
strated.

E
ven in this nascent form

, how
ever, R

&
D

 theory has som
e im

portant
theoretical im

plications for w
ork in philosophy of m

ind and cognitive
science. For exam

ple, functionalism
 regarding the identity of m

ental

°
T

his
view

, associated variously w
ith ternss "em

bodied," "em
bedded," or "dynam

-
icist" has been expressed in, for exam

ple, FranciscoJ. V
arela, E

van T
hom

pson, and
E

leanor R
osch, T

he E
m

 bodied M
ind: C

ognitive Science and H
um

an E
xperience (C

ansbridge:
M

IT
, 1991), and m

ore recently in B
allard, M

. H
ayhoe, P. Pook, and R

. R
ao, "D

eictic
C

odes for tlse E
nibodim

ent of C
ognition," B

ehavioral and B
rain Sciences, in press.

K
now

ledge and the R
ow

 of Inform
ation (C

am
bridge: M

IT
, 1981).

52
F

or
an attem

pt at articulating such a theory, see m
y "llow

 N
eurons M

ean: A
N

eurocom
putational T

heory of R
epreseistational C

ontent."

states m
ay need to be reconceived. if, as R

&
D

 theory entails, the
function of a m

ental state m
ust be defined in term

s of its tim
e course,

and notjust its inputs and outputs, it is unlikely that functional isom
or-

phism
 of the kind that H

ilary Putnam
53 envisioned w

ill be sufficient
for settling the identity of m

ental states. If the dynam
ics of sortie

aspects of m
ental life are central to their nature, then an atem

poral
functionalism

 is not w
arranted. Standard functionalism

 in philosophy
of m

ind is clearly atem
poral. A

nd, I take it, som
e (if not m

any) aspects
of m

ental life have their character in virtue of their dynam
ics (for

exalnple, shooting pains, relaxed conversations, and recognizing
friends). So, a "tem

poral" functionalism
 is necessary for properly

characterizing m
inds. In other w

ords, input, outputs, and their tim
e

course m
ust all be specified to identify a m

ental state. W
hile som

e
m

ental functions m
ay not be especially tied to dynam

ics (for exam
ple,

addition), others w
ill be (for exam

ple, catching a ball). Specifying
ranges of dynam

ics that result in the successful realization of that
function w

ill allow
 us to determ

ine if som
e m

ind or other can really
be in a given m

ental state.
T

hese considerations have further consequences for the role of the
'I'uring m

achine in cognitive science.54 W
hile cognitive functions w

ill
still be T

uring com
putable, they w

ill not be realizable by every univer-
sal m

achine. T
his is because com

puting over tim
e (that is, w

ith tim
e

as a variable in the function being com
puted) is different from

 com
-

puting in tim
e (that is, arriving at the result in a certain tim

e fram
e).

W
hen this difference is acknow

ledged, it becom
es clear that T

uring
m

achines as originally conceived (that is, under the assum
ption of

infinite tim
e) are relevant theoretically, but m

uch less so practically
(that is, for understanding and identifying real m

inds). I take it that
m

ore argum
ent is needed to establish such conclusions, but that,

at the very least, adopting R
&

D
 theory show

s how
 such positions

are plausible.

IV
. C

O
N

C
L

U
SIO

N

Perhaps, then, R
&

D
 theom

y or som
ething like it can help rid us of

the constraints of m
etaphorical thinking. Such an approach holds

prom
ise for preserving m

any of the strengths, and avoiding m
any of

the w
eaknesses, of past approaches to understanding the m

ind. B
ut,

"Plnlosophy and O
ur M

ental L
ife," in his M

ind, L
anguage, and R

eality: Philosophical
Papers (N

ew
 Y

ork: C
am

bridge, 1975), pp. 291—
303.

u T
hese

consequences are m
ore fully explored in m

y "Ihe M
yth of the T

uring
M

achine: T
he Failings of Functionalism

and R
elated T

heses," Journal of E
xperi m

enial
and T

heoretical A
sl(/icial Intelligence, xiv (2002): 1—

8.
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m
ore than this, it is also suggestive of new

 perspectives w
e m

ight
adopt on som

e of the central issues in philosophy of m
ind and cogni-

tive science.
B

ecause cognitive science is interdisciplinaiy, it should not be sur-
prising that a cognitive theory has consequences for a variety of disci-
plines. I have suggested som

e of the consequences of R
&

D
 theory

for neuroscience (for exam
ple, careful consideration of decoding),

psychology (for exam
ple, quantitative dynam

ic descriptions of cogni-
tive phenom

ena), and philosophy (for exam
ple, reconsidering func-

tionalism
). T

hese are consequences that should be em
braced in order

to im
prove our understanding of cognitive system

s. In other w
ords,

the tim
e is ripe for m

oving beyond the m
etaphors.

U
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C
ounterpart

theory says roughly that, for any object 0 and
any

property F, 0 is possibly F if and only if 0 has a counterpart
that is F. M

oreover, 0 is essentially F if and only if all of 0's
counterparts are F) A

ccording to D
avid L

ew
is,2 the theory's leading

advocate, our counterparts are typically a lot like us. L
ew

is holds that
I am

 possibly forty feet tall if and only if there is
som

eone in a
universe spatiotem

porally isolated from
 ours—

one of L
ew

is's "possible
w

orlds"—
w

ho, though otherw
ise appropriately like rue, is forty feet

tall.M
any find counterpart theory attractive, but m

ost reject L
ew

is's
m

odal realism
.7 So m

ost deny that w
e have flesh-and-blood counter-

parts in unreachable but hum
anly inhabited universes. T

hey insist,
instead, that our counterparts are som

ehow
 "abstract." It is that sort of

counterpart theory—
the sort endorsed by virtually every counterpart

theorist except for L
ew

is him
self—

that I shall
argue is untenable.

(Indeed, as w
e shall see, there are good reasons to reject any reduction

of m
odal properties to abstract w

orlds, counterpart-theoretic
or other-

w
ise.) B

ecause I do not believe L
ew

is's ontology, I think his version of
counterpart theory is also m

istaken. A
nd so—

I conclude—
w

e should
reject every sort of counterpart theory.
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T
he counterpart theorist says that, for any object 0 and

any property
1 0 is possibly Fif and only if 0 has a counterpart that is F. B

ut she
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