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I ntroduction

Stephen Turmner® work on practice theory makes important progress toward
condruding a congstent narrative incorporating contemporary sodal theory, cognitive
science, and neurostience. Thepurpose in this article is not primarily to criticize this
work, butrather to build on it by discussing results from related disciplines tha may
further enrich sodal theory. My article is structured as follows. From evolutionay
psychology, we know theimportance of comparative studies in undestanding human
behavior, andtherefore | will arguetha sodal theory can bendit from the study of
complex adgptive biological systems, such as sodal insect colonies. Next | will arguetha
practices and other soda phenomenacan be undestood as emergent phenomenain
complex systems, and therefore tha complex systems theory can illuminae thewaysin
which sodal structures emerge and evolve. In paticular it hdpsusto undestand how
practices can seem like (ollective objectsOin spite of existing only in individuds. Tumer
has argual for therelevance of connectionist cognitive science to sodal theory, and | will
explore some of the consequent implicationsof connectionism for sodal theory. From
there | will turn to cognitive neuroscience, which has much to offer sodal theory, but |
will arguetha there remains an enormousQexplanatory gapObetween theinformation we
get from brain imaging and our theories of information representation and processing in
neural networks. Theoretical as well as empirical research will be needed to close this
gap. Findly, I will discuss some of the ethical implicationsof our gradudly improving
undestanding of evolutionay psychology, neuroscience, and complex adaptive systems
theory.

Comparative Studies of Emergent Behavior

Karl Poppe said, Orhemain task of thetheory of human knowledgeis to undestand
it as continuouswith animal knowledge and to understand also its discontinuityN if
anyN from animal knowledged(117). The same statement may be made aboutsodal
theory. While there are many important differences between human soda structures and
processes and those of other animals, there are also many similarities and differences of
degree, and therefore sodal theory has much to learn from nonhunan sodal behavior. In
many cases thesoda structures are simpler than those of humans andit isgenerdly a
goodstrategy in science to begin by trying to undestand simpler systems. Furthermore,
comparative studies across species are better able to distinguish between propeties that
areinheentin al sodal structures and those that are peculiar to humans

Evolutionary psychology seeks to undestand human psychology in terms of its
adaptive role in our speciesOevolution and by comparison with the evolution of other
speciesCbehavior. Fundamentally, it is based on the scientifically manifest obgervation
tha humansare animals and are therefore evolutionarily adgpted to the historical
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environment in which they evolved. Thisisthe environment of evolutionary adaptdness
of Hono sapiens which provides a backgroundand context for undestanding the
phylogenetic basis of human behavior and soaa structure. Althoughour undestandingis
subject to thelimitationsof archeology, it is supplemented by studies of contemporary
hunier-gaherers and of related nonhuman species. We expect, of course, the psychosodd
characteristics of othe primate species to berelevant to human sodology, butthesodal
adagptationsof our more distant relatives may revea deeper structures and processes.

For example, sodal insects exhibit complex forms of adgptive collective behavior.
Indead it is claimed tha an ant colony exhibits inteligent behavior comparableto a
vertebrate animal (Camazineet a. 245). Thecolony as awhole can be consdered an
organism in the sense that its partsN theindividud antsN exist for the sake of thewhole,
but tha thewhole provides a context for thebehavior of theindividuds. Thusthe
behavior of thewhole andits parts are defined relative to each other.

Althoughthe colony as awhole has characteristic forms of behavior (and, indeed, a
characteristic life cycle, for older colonies behave differently to younge ones; see
Johnon 81), and collective behavior may be organized by shared physcal structures,
such as nests and phaomonetrails, the condituent behaviors themselves are executed by
individud insects. Of course, in the case of sodal insects these behaviors are innde,
whereas mos human sodal practices are learned; therefore we should look more closaly
at this difference.

An important process in evolution, which is aso relevant to sodal theory, isthe
Baldwin effect, which provides a mechanism for gendtic assimilation of acquired
characteristics (Baldwin; Milner 32; Tumer, GBoc. Th. Cog. Neuro.Q. Briefly and
roughly, the process opeates as follows. Suppo® tha there is some learned behavior that
has selective advantage for a popuktion. Members of that popuktiontha have gendtic
characteristics that improvether ability to exhibit that behavior (e.g., to learn it more
quickly or execute it more skillfully) will have an advantagerelative to othe members,
Other thingsbeng equd, naural selection will favor these individuds, and therefore the
popuktionwill evolve a gendtic predispostion to acquire and exhibit this behavior;
indeed, the behavior itself may come to beencoded in thegenome. Thusthereisa
process by which advantageouslearned behaviors may eventudly become innae
behaviors (i.e., indincs). Of course, thisis bdanced by aloss of behavioral flexibility
and adaptability, which may be disadvantageous

TheBaldwin effect isa specia case of a process tha ethologists call niche
congruction, which is also relevant to sodal theory. Nichecondructionrefersto a
feedback process by which a popubtion modifies its environment to its own benefit, but
then adapts to the modified environment, leading to further modifications and so forth.
Theresult isacomplex (andlargdy unpredictable) coevolution of the popuktion and its
environment. Human genetic predispostionsfor complex soaal organization and certain
practices, and in paticular thegenetic basis for language, are likely theresult of niche
congruction. Therefore comparative studies of niche condruction in many species can
hep usto undestand theevolution of the genetic founddionsof human sodal structures.

A similar process, with a potentially important role in sodal theory, is epigenesis,
which refers to modificationsof gene expression that are maintained by a kind of (zell

-2



memoryQover cell divisions it has the effect of genetic changebut withoutalterationin
theundelying DNA sequence (Bird). Epigenesisis essential in the development of
multicellular organisms, for it pemits embryonic stem cellsto differentiate into a variety
of cell types. By meansof it some organisms adapt ther gendic structure, in effect, to
environmental conditions Mog interestingly thereis evidence for trangyenerational
inheitance of some epigenetic states; tha is, environmentally conditioned epigenetic
features can be passed from parents to offspring, but the role of this mechanism in
evolutionisundear (e.g., Jablonkaand Lamb). Some epigendic changes are aresult of
sodal interactions and of course they affect future interactions(e.g., Fox, Hane, and
Pine). Thussodal epigengtics may bean important contributor to future sodal theory.

Before leaving thetopic of evolutionay psychology, it isimportant to mention a
characteristic limitation. Because of its reliance on comparisonswith nonhunan species,
evolutionay psychology mog easily addresses externdly observable behavior andisless
suited to addressing subjective experience. Neverthd ess, subjective experienceis
fundamental to human soda interactions and so it is important tha behaviora
approaches be supplemented by phenomenological investigation. For corresponding to
phylogenetic behavioral paternsare archetypd psychological structures coordinding
perception, affect, motivation, and sodal interaction (e.g., Jung, St. & Dyn. 114P138;
MacLennan; Stevens Arch.). Thusour god should be mutudly congstent behavioral,
phenomenological, and neural descriptionsof human sodal processes and structures.

Complex Adaptive Systems & Emergent Properties

In BraingPractices/Relativism Turner explores the shift in sodal theory fromthe
view tha practices are collective objects, in some way shared by the members of a
culture, to the view tha (practices, cultures, and so on are ensembles, with no essence,
whos elements changeover time, buttha persist or have continuity by virtue of, and
only by virtue of, the persistence of the elements themselvesO(14).

This perspective raises important issues abouttheobjectivity of collective objects and
processes, which can beilluminaed by the parallel shift from essentialism to popultion
thinking that revolutionized evolutionay biologyin the century after Darwin (Mayr). The
essentialist view was that a species correspondsto an eternd essence, which represents
theideal typefor members of the species, to which particular individuds conform more
or less perfectly. Fromthis perspective the continuity and objectivity of a speciesisa
conequeace of theatemporality of its essence, butits evolutionis problematic, asis
speciation (the emergence of new species).

From the popukbtion perspective, however, a speciesOgenomeis akind of statistical
average over the genotypes (geneic codes) of al theindividudsliving at a patticular
time. Therefore, ononehand, since the genonme is dependent onindividud genotypes, it
can evolve throughthebirth and death of individuals in the popuktion, and speciation
can result when popuktionsdivide On the other hand, the genome has a certain
objectivity, for it makes scientific sense to talk about the human genome, therat genone,
etc. and to make obijective statements aboutthem. As a conequence, both the persistence
and evolution of species are comprehengble.



Andogousy, thefact that practices are ensembles does not contradict thar reality and
causa efficacy as collective objects. These padlel shifts from essentialism to popuktion
thinking might seem to be merely anaogous but the connectionsgo degper and may
contribute to the development of sodal theory (DeVore).

Conplex Adapive Systems

In this section | will consder some ingghts we may obtain from looking at practices
and other soda phenomenaas emergent propeties of conplex systems, such as studied
in nonhunan sodal animals and even in some nonliving systems.

A conplex system is composed of alarge numbea of comparatively simple parts
interacting with each other so tha the emergent behavior of thewhole is difficult to
predict from the behavior of the parts. Examples of complex systemsindudethebrain,
multicellular organisms, sodal insect colonies, ecosystems, econonies, and human
sodeties (Andeson, Arrow & Pines; John®n; SolZ& Goodwin). Many complex systems
are adaptve, intha they respondto thar environments and ater thar behavior in such a
way tha they can maintain or improvether fundion, or so tha they can GurviveO(that
IS, continueto persist as organized systems).

Complex systems manifest emergent propeties, which cannotbe explained in terms
of smple, linear interactionsamong the system@ components. For example theforaging
trails condructed by an ant colony and the characteristic nests congructed by particular
species of waspsor termites are emergent properties of these collectives. Emergent
propeaties may be chaacterized by order parameters, which measure or describethe
collective behavior or structure of the system. Often these parameters are statistical in
character, butnonetheless objective. For example, reaction-diffuson equatons which
describe interactionsbetween microscopic elements, such as cells and diffusble
molecules, generate paternssimilar to animal har coas and to skin pigmentation
paterns Over time these produe macroscopic stripes and spots of predictable
dimendgons athoughthe specifics of a patern (e.g., the color of a paticular small patch)
depend on unpredictable microscopic processes (SolZ and Goodwin 85E8).

From the perspective of sodal theory, it isimportant tha these emergent propaties
and order paameters are objective characteristics of thewhole, despite beng an effect of
interactionsamongthe parts, for soda phenomena such as practices, world-views, and
languayes, are similarly objective propeties of human popuktions despite beng
derivative of individud behavior, learning, and cognition. The order parameters should
be predictable by soda theory, evenif the paticulars are not

Onechaacteristic typical of complex adaptive systemsiscircular causality, or the
macro-micro feedbad loop (SolZ and Goodwin 150), which refersto thefact tha the
large-scale order of thesystem is created by interaction of its parts, but that the
interaction of the partsis govened in turn by thelarge-scale order. For example, the
collective behavior of theantsin a colony creates pheromonetrails to food sources, to
which individud ants respond,maintaining and adapting thetrails, asfoodsources are
discovered or exhauged. On theonehand, of course, the highe order structures exist
only as ongong macroscale phenomenasugained by the actionsof individud ants, but
ontheothe they are causdly efficaciousin that they provide externd resistances to
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which the ants respond.In an important sense, therefore, they arereal. Thusit seems tha
studying circular causality, and therelation between the collective and theindividud, in
relatively smple complex adaptive systems (such as sodal insects, bacteria, and even
nonliving complex systems) will illuminae therelation of individud people to the
macroscopic structures, such as practices, tha they collective create.

Coarse Coding

Coarse coding is a process tha occurs in complex information-processing systems
such asthebrain (Rumelhat, McClelland, et a. 9156; Sange). It refersto thefact that
individud neuronsmightbe quite broadly tuned to stimuli (to frequendes of sound,for
example), butthat the collective activity of alargegroupof neuronscan represent a
stimulusvery precisely. Tha is, the collective respons of a popuktion of coarse-coding
neuronsresultsin avery fine (precise) representation. This seems to be afundamental
prindple of representation in the nervoussystem, necessary to get precise behavior from
neurons whichN from a computationd perspectiveN are very low precision computing
devices. Of coursg, there is nothing mysteriousabout how it works; it issimply statistics
(thelaw of largenumbers) in action.

Similar processes occur in the sodal systems of humansand other animals. For
example, ants encounter othe ants and by an exchangeof chemica signdsform
indgoendent estimates of the tasks tha need to bedoneand the number of workers
assignad to them (Johnn 74). Because each ant@ estimate is based on a very limited
number of samples, it is quite inaccurate, but al together the workers have an accurate
estimate, and so as each worker decides individudly wha task to perform, theoverall
allocation of workersto tasksin the colony is nearly optimal. Similarly in human
markets, for example, collective knowledgeand intelligence may be much greater than
tha of any of its participants.

More generdly, acollection of individuds can collectively (and distributively)
represent an abgraction more accurately than any of theindividuds can onits own. Thus
information, skills, practices, etc. may beimpefectly learned and peformed by each of
the members of a human popuktion, but thar collective benavior may appear to bean
ideal shaed compeence, which theindividuds have impefectly acquired (languageisa
goodexample). Infact, individud peformance isnot based on a shared collective object,
butthe collective object is primarily an emergent propaty of individud performance.
Neverthdess, by circular causality, the emergent collective object exertsareal causd
influence onindividud behavior. Tha is, the collective object is smultaneoudy
emergent (and in tha sense descriptive) and regulating (andin tha sense normative). By
studying these complex, self-organizing processes in smpler cases, such as nonliving
systems and ssmple sodal organisms, we may gan ingghtinto the more complicated
sodal structures of human popuktions

Amplification of RandomFluctuatons
Another process tha istypical in complex systems, with implicationsfor sodal
theory, isamplification of randomfluctuations which results from postive feedback
within the system. As a conequence, relatively minor fluctuaionscan direct complex
systems into divergent evolutionay pahways. Theaefore theoriginsof some features of
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sodal systemswill berooted in historical contingency and have no more general
explanaion (cf. Turner, BraingPrac./Rel. 1026), athoughthe persistence of these
features can be explained by identifying the feedback processes. Sometimes this
amplificationis useful (adaptive), for it can break symmetries, or bdanced forces, tha
may beblocking further evolution (Buridan@ ass is a proverbial example). On the other
hand, by stabilizing and overly reinforcing oneset of structures and processes, it may
effectively block access to others tha might be preferable. Undestanding the feedback
processes from a complex-systems perspective may revea meansfor weakening or
eliminaing them, to pemit theformation of new structures, if that is desirable.

We know from complex systems that there can be Gphase changesQ pervasive and
rapid reorganization of a system resulting from arelatively minor changein condiions
either fromwithin the system (e.g., amplification of randomfluctuaions Qipping
pointsQ or from outside of it (e.g., environmental changes). Therefore, complex systems
theory can hdp usto undestand thedynamics of soda change especialy large-scale,
rapid reorganizations(e.g., political, conceptud, and scientific revolutions paradigm
shifts).

Blind Variation and Sdective Retention

Amplification of randomfluctuaionsprovides a mechanism for divergence that
presuppo®s no collective @hoice, OCxct of commitment, faith, will,Oetc. (Turner,
BraingPrac./Rel. 102E6). This may be a source of smple diversity or of genuinenovdty.
In adiscussion of evolutionay epistemology, Campbd| defines evolutionin ageneal
sense as blind variation and selective retention (Campbdl (Bl. Var.09188, CEv. Epist.O
56b7). The conaept of blind variation, which is not synonynouswith randomvariation,
isimportant. It may be defined as variation tha isnotaimed at some god, such asfitness,
selective advantage, or at some idea of progress or optimality. Thereforeit indudes
randomvariation (such as randomgenetic mutation) as a specia case. In asodal context
it indudesindividud variationsresulting from misundestanding, limitationsof learning
and experience, contextud undestanding, the coningendes of an individud 3 life,
mistakes in communication or action, etc.

In the context of sodal systems, selective retention refers to any process tha tendsto
amplify certain variationsand to dampen others. A priori, thereis noreason to suppoe
that such amplification will lead to improvements in the system or to Gprogress,Oas
judge either by members of the popukbtion or by those outside of it; negaive or neutral
variationscan be amplified as well, depending on the feedback mechanisms.
Neverthdess, systemstha have persisted for along time often exhibit adapive selection
processes, which promote their continued existence (GurvivalQ as systems. An important
aspect of soda systemsistha thefeedback processes are notimmutable, but can be
atered intentiondly or by blind variation and (higher order) selective retention. In any
case, the study of complex adgptive systems is relevant to undestanding the evolution of
sodal systems.

Self-organizing systems in naure illudrate the postive value of error, uncertainty,
noise, individud variability, and other sources of blind variation. Ant foraging provides
an informative example. Asforagers wande aboutthey discover food sources, and when
they return to ther nests they lay pheomonetrailsreflecting the quantity and the qudity
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of thefood. Other foragers follow thetrail and reinforce it when they return to the nest;
thisistheamplification of randomfluctuaions since theinitial discovery of food sources
islargdy amatter of chance. Thusthe creation of foraging trails is an example of blind
variation and selective retention.

If this process worked perfectly, the ants would devote all ther foraging to thefood
sources initially discovered and would notdiscover aterndive, possibly supeior food
sources until those foundinitially were exhauged. Fortunaely, the mechanism does not
opeaate pefectly; ants sometimes deviate from the pah and have to wande arounduntil
they find it agan. In the process they may discover a new food source, and the postive
feedback processes will cause the emergence of aforagingtrail toit. If thenew food
source is supeior, thetrail will become stronge and capture foraging resources from the
other trails. Thustheimperfectionsin thetrail-following mechanism cause a certain
amountof unhbased exploration, which facilitates the reorganization of macroscopic
structures (theforaging trails) from aless advantageousstate to a better one

A generd characteristic of adgptive self-organizing systemsis the produdive use of
error, uncertainty, noise, imprecision, error, variability, and other sources of blind
variation. This goes agang our habits in engineering and many other activities, in which
we attempt to eliminate or control these unpredictable factors, but we can see tha too
perfect amechanism can lock acomplex system into alocal optimum and block further
adaptation. Indeed, if people were more like computers and could be programmed with
identical, precise rules and could follow them with precision, human sodety would be
much less flexible and adgptable than it is. Thusvariation amongindividudsin the
acquisition of practices (Turer, @Pr. Th., Cog. Sci., Eth.Q, contributes to the adaptability
of human sodeties.

Blind variationis also applied in conneetionist theories of cognition, such as harmony
theory (Rumelhart, McClelland, et a. ch. 6). Theideas are easiest to undestand in the
context of asimpler process, simulated annealing, which is used to solve optimization
problems by controlling the degree of blind variation, which is measured by a paameter
usudly caled computational temperature, by andogy with theemodynanmics, in which
temperature measures the amountof randommotion (Kirkparick, Gelatt, and Vecchi).
Simulated annealing attempts to improvethe state of a system, as measured by some
figure of merit, by exploring the effect of small perturbaionsof the state. If the
computationd temperature islow, then the potential changeof state is accepted if it raises
thefigure of merit andis rejected otherwise. Therefore, at low temperatures, the
algorithm makes incremental improvements to the system state. We may say it climbsthe
Qnerit landscape, Obut this behavior runstherisk of becoming trapped in alocal optimum
(i.e., stuck onthetop of a (hillOtha is notthe highest hill). At Gibsolute zeroGthe
algorithmis completely determinigtic in its hill-climbing behavior. However, highe
computationd temperatures introdue more randanness into its behavior; at highe
temperatures it will sometimes accept a state changeeven if it decreases thefigure of
merit. That is, the highe thetemperature, the more often locally badOdecisionswill be
made This might seem counterprodudive, butit provides an escaperoute from aloca
optimum, for thereisanon-zero probability tha the state will creep down fromits hill
andfinditsway to thedopeof ahighe pesk.



Thekey to smulated annedling, fromwhich it gets its name, isto control the
computationd temperature, starting at a comparatively high valueand dowly (typically
in stages) redudngit to zero. Therefore, in the early stages of the processes, the state is
varied relatively blindly, so tha it conduds unbiased sampling of the space of system
states. Asthetemperature is decreased, thealgorithm beginsto prefer state changes that
increase the merit; the search is biased toward regionswhere the merit isrelatively high,
althoughthereis till randomexploration. In thelater stages the search becomes more
directed, eventudly approximating deterministic hill climbing, butby then it islikely to
beonthedopes of theglobd optimum. Thus the decreasing temperature shiftsthe
search priority from exploration (gathering information aboutthe state space) to
exploitation (use of theinformation). It can be proved thd, in roughterms, simulated
annealing will almog surely find theglobd optimum (given agoodannealing schedule
and enoughtime). In connectionism similar modds are used to account, for example, for
aneura system@ ability to arrive at agoodinterpretation of perceptud data subject to
context, expectations etc. (Rumelhat, McClelland, et a. chs 6, 7).

| am not claiming tha something akin to s mulated annealing takes place in sodal
systems (for which the nation of afigure of merit is problematic, to say theleast).
Neverthdess, smulated annealing is a suggestive metaphor, which illugrates the
tradeoffs between local changes directed toward some globd notion of improvement
(changes promoting exploitation), and those that are blind to it (promoting exploration),
and especialy the consequences of different degrees of blind variation. Thesimulated
annealing process suggests tha complex adgptive systems can achieve globd optima by
starting with ahigh degree of blind variation and gradudly shiftingto changes that lead
to globd improvement.

This argument assumes tha the Qnerit landcapelis condant in shape, asis often true
in optimization problems, butwhich might notbethe case in adgptive sodal systems. If
thelandscape has changed shape so tha the previousglobal optimumis no longe the
highest peak, then it may beworthwhile to repest the annealing process by increasing the
computationd temperature to destabilize (OneltQ the existing structures and to allow
new, better ones to emerge Some adgptive systems can detect that they arenolonge in
an optimal state, dueto changed circumstances, and raise the computationd temperature
(the probability of blind variation) in order to allow anew optmal state to emerge For
example, some organisms respondto environmental stress by epigendically inareasing
thar gendic variability (e.g., Hernday et d.). Theandogies to scientific revolutionsand
other paradigm shifts are obvious as are tho<e to other kindsof large-scale sodal
reorganization, butdetermining whether thesimilarities are more than supeficia will
require further investigation.

Of AntsandHumans

Humansare not ants, and so onemay reasonably doubttha thesodal organization of
ants and other simple life forms can tell usmuch abouthuman sodety. Thereforeitis
interesting that studies of complex systems have shown tha many emergent propeties do
not depend on the specific structure or behaviora sophistication of the agents congituting
the system (Johnn 98B100). A well-known example is traffic flow, which can be
described quite accurately withoutattributing much intelligence to the agents (perhagps
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that is not surprising) and without detailed information aboutindividud agentsCbdiefs,
desires, gods, plans histories, knowledge etc. In effect, al of this detailed information,
which is so importantin owr persond and interpersond lives, is averaged out, and can be
treated as randomnoise for the purposes of describing macroscopic propaties of traffic
(randomnoise which can, for sure, be amplified into macroscopic behavior). Theefore,
ants, wasps and other relatively smple organisms are relevant to human sodal theory,
especialy for comparative purposes. If we observe similar emergent behavior in human
and insect sodeties, then tha similarity suggests tha the behavior does notdepend onthe
specifics of individud human behavior, which implies tha we may beable to discover
the causes of some human soda structures by studying much ssimpler complex systems.

Connectionism

Turner discusses theimportance to sodal theory of cognitive science, andin
paticular of connectionism, a new approach to artificial intelligence and cogntive
science based on mathematical modds of information processing and learning in the
brain. So it may be worthwhile to make afew observationsaboutconnectionism.
TraditiondlyN and by QraditiondlyOl mean stretching back in Western intellectud
history at least 2300years to thetime of AristotleN traditiondly, knowedgehas been
undestood as a system of languaye-like propostions and thinking as akind of
calculation directed by language-like rules. The paadigmis formal dedudive logic,
especially as systematized in moden symbolic logc. Traditiond Artificial Intelligence
(Al), often called Gymbolic AlQis based on the same assumption, tha cognitionis a
matter of symbol manipulation. Unfortunaely, by the early 1980sit had become appaent
tha symbolic Al, especialy as implemented in the programs called expert systems, could
not achieve levels of peformance comparable to human experts.

Aboutthistime an old ideawas resurrected: tha intelligent computers could be based
on the same prindples by which the brain opeates. This approach is called artificial
neural networks or connectionism, because the knowledgeis implicit in the connections
between the neuronsrather than explicit in language-like structures. Knowliedge
representationisimplicit in tha each fact is distributed over alarge number of
connectionsand each connection paticipaesin the representation of alarge number of
facts. Furthermore, while symbolic Al systems are programmed by inputing a set of
rules or facts expressed in some languae, and learning modifies these languaye-like
structures, connectionist networks are trained by giving them examples from which they
genedize. Therefore connectionism is better than symbolic Al at dealing with tacit
knowledge which istypicaly difficult or impossible to putinto verbd form.

An objection frequently made agang connectionism, especialy in its early days, was
tha many cognitive processes are appaently goveaned by rules. Languageuse isthe
classic example, since it appears to be govaned by the syntactic rules (grammar) of the
language Theobservationtha thegrammatical rules of natural languayes seem to be
much too complicated to belearned from the samples to which an infant is exposd (the
problem of Ghe povaty of the stimulusd) has led to the condusonN mos commonly
assodated with Chomsky and his followersN that the human brain must contain a
sophisticated Qanguaye moduleQincorporating innate knowledgeof certain universal
grammar rules commonto al naural languaes.
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Like language, many other practices appear to begoverned by rules, and if the
hypotesized rules seem to be more complicated or extendve than could belearned in the
time available (either explicitly as verbd rules orN more likelyN tacitly fromthe
background) then we mightbeled to hypotesize some innae knowledgeof therules.
(TheBadwin effect could provide atheoretical basis for thisinnae compeence.)

Connectionism, however, provides an alternative explanaion based on adistinction
between rule-following benavior and rule-like behavior (literaly, regular behavior). In
rule-following behavior, some agent (e.g., a person or amachine) executes a process by
following rules tha are explicitly andliteraly expressed in some language (natural or
artificia). Thisistheidea of an algorithm, which isfundamental to computer science, but
had its originsin human rule-following: thearithmetical algorithms of hand calculation.
When constioudy executed by humansthisis a ow process (because it isfundamentally
unndural), butwhen people get some practice it becomes less consciousand more
automatic. Neverthdess, it has been argued tha rules are still bang followed, but they
have been interndized (@ompiledOin computer jargon) and are being executed at a
despe level inaccessible to congiousess.

Connettionist research has shown, however, tha an artificial neural nework system
can exhibit rule-like behaviorN tha is, appear to be following rulesN withoutactualy
doing s0. There are no explicit rules in a connectionist nework; neverthdess, the
cumulative effect of the many connectionsand theindividud neural computationscan
exhibit regular behavior that an externd observer can describe as followingrules (at least
to afirst approximation, andthat isimportant!). The locusclassicusis McClelland and
Rumelhart@ experiment in which aneural net learned to form the past tenses of English
verbs(McCleland, Rumelhat, et a. ch. 18). Althoughthiswas a very smple modd, and
can becriticized on anumbe of fronts (cognitive science, neuroscience, etc.), it
neverthdess reveas adifferent explanaionfor rule-like behavior. At first the network
learnseach verb as a specia case, learning it in effect by rote; with exposureto only a
few, commonverbs every verb isin effect an irregular verb. After it has been exposd to
asufficient number of verbs however, it appaently learnstherule Gdd -ed,Osince it
ove-generalizes and begins applying thisrule to irregular verbsto which it doesn®apply
(and which it had previoudy handled correctly). Of course, thenework has notlearned
an explicit rule at al (thereis nowhere in aconnectionist net to store arule), butit has
adjuded its behavior to act asthoughit were following thisrule. Significantly, with
continued expoaure to both regular and irregular verbs the network learnsthe past tenses
of both kindsof verbscorrectly (effectively learning theirregular verbsas exceptionsto
the QuleQ. Like human English speakers, the net is even able to make goodguesses
aboutthe past tenses of verbsit hasn't learned, thusdemondrating some interndized
inferred knowedgeof thephoneic structure of English. Theparallels to human languaye
acquigition are, of course, very suggestive (perhaps overly so), butthekey pointistha a
connettionist nework can behave asthoughit is obeying rules, and even exceptionsto
therules. Many other connectionist experimentstell the same tale.

It isimportant to undestand tha a connectionist network is not ssmply an aternaive
method of getting the same results as following a set of rules, for connectionist systems
are potentially much more flexible than rule-based systems. This is because therespone
of aconnettionist nework can betheresult of combining many factors, some quite subtie
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and meaningful only in the context of other factors. Therefore, connectionist modds can
exhibit theflexibility and context sengtivity of respong characteristic of humansand
other animals. Rule-based modds, in contrast, are by nature (orittled(i.e., broken by
minor exceptions context dependendes, etc.) and can achieve flexibility only by having
exceptionsto rules (expressed, agan, in rules or other languaye-like structures),
exceptionsto the exceptions and so forth. Therefore, rule-based attempts to accountfor
theflexibility and fluency of human and nonhunan skillful behavior pile epicycles upon
epicycles, and theresulting modds are approximate, complicated, implaudble, and
unnecessarily so, for connectionism explainsfluency much more directly. Indeed, our
experience with rule following by both humansand computersisthat it becomes less
efficient with an inarease in thenumbe and complexity of therules, and thereforeit is
difficult to explain how rule following could produce skillful behavior.

It is sometimes argued tha even if much of our knowledge (especialy of skills and
practices) isnot stored in our brainsin theform of rules, neverthdesstha is our only
meansfor expressing knowedgein tangible form, so tha it can bea subject for scientific
discourse. Tha is, it is clamed tha cognition shodd be described asif it were following
rules, even if it isnotin fact doing so. Asidefromarguments based on the necessity of a
nonverbdizable backgroundand tacit knowledgeto provide a context for verbdizable
knowledge (Polanyi; Searle 17204; Turner, BraingPrac./Rel. ch. 1), connectionist
research also suggests tha often rules can, at best, approximate theflexible benavior of
neural networks. (There are formal, historical, and metaphoiical connectionsto the
approximation of irrationd real numbers by rational nunbers.) Therefore, connectionism
implies tha practices cannotin general be captured by explicit rules.

Thereisamethodfor andyzing the matrix of connectionsbetween onegroup of
connettionist neuronsand another; it is called thesingular value decompostion of the
matrix. Withoutgoinginto details (but see Appendix), | would like to say afew words
aboutthisandysis, because it illugrates therelation between connectionist information
processing and rule-directed information processing. Using this method onecan extract
from theinterconnection matrix a series of rule-like relationships of decreasing strength
or importance. Each of these implicit ruleslooksfor a patern in theinput andto the
extent it findsit, it generates a characteristic output patern. If theinpu matches several
of these implicit rules, it will generate a composte output, which is equd to theaverage
of the outputs of theactivated rules, weighted both by how well each rule matches the
inputand by therule@ inhaent strength. Thus in typical situaions notjust oneruleis
selected, but a subtle blending of al therules, which permits context sengtive and
flexible rule application.

Agan, | mug emphasize tha therules are notliterally there, but we can andyze the
effect of the connection matrix in terms of aweighted blending of these implicit rules.
Furthermore, alargeinterconnection matrix, which iswha we realistically expect in the
brain, may require alarge number of implicit rulesN perhgps many thousindsN in order
to becompletely captured. Therules can belisted in order of decreasing strength
(importance), and if we cut off thislist before theend, we will get an approximation of
theinformation processing performed by the conrection matrix, but some subtety and
sengtivity will belod. Thisisoneway to undestand wha happenswhen we try to
capture expert behavior in asmall set of rules: we g&t a crudeapproximation. In some
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cases, afew strongrules will capture mos of the behavior of the neural ne; in these
cases, rule-guided information processing will work fairly well. In other cases, however,
the competent behavior of theneural network will have the effect of the combined actions
of alargenumber of weak rules. In these cases, any small number of ruleswill give
crude inflexible benavior compared to tha of the neural network.

Thedifferences between connectionist and rule-directed information processing and
control are reinforced by the Dreyfus brothersCresearch on expet behavior. In brief, they
foundtha while novice behavior may be characterized by the mechanica (that isto say,
mindless) application of context-free rules, as people become more skilled, they abandon
thestrict use of rules and behave in ways that are flexible and sendtive to context.
Theefore, as expected, while novice behavior can be captured in small sets of rules, the
skillful behavior of experts can only be approximated by increasingly large sets. Experts
respondto many subtle factors, which they integrate in a context-sendtive way, to arrive
at judgnents or otherwise to goven thar behavior.

Unfortunaely, connectionist research often gives afalse impression. Many
connectionist experiments involve training a smple nework to perform some isolated
cognitive task (e.g., learning past tenses of English verbs). In order to demondrate tha
nothing has been (preloadedGinto the system (in particular, noneof the experimentersO
knowledge), asmple ungructured net is often used, with ungructured conneetionsand
randomconnection strengths However the human brain is notlike this! It hasan
enomousnumber of modules, each with a highly specific structure, and interconnected
in very specific ways. Connectionist researchers undestand this, butit is difficult to
modd the brain onthislevel. Neverthdess, connetionist experiments can give the
impression tha connectionists bdieve tha the brain beginsas an amorphous
ungructured mass of randonly connected neurons tabularasa. (As a consquence,
conneetionism is sometimes misundestood as a moden variant of smple
assodationism.) Rather, thebrain has an elaborate species-specific structure, which
developsin interaction with the environment during an individud @ life (especially
throughyoungadulthood) Therefore, in bringing neuroscience to bear on sodal science,
we mug be cognizant of the species-specific brain structures and processes shared by al
humans

Cognitive Neur oscience

Turner observes tha brain-imaging technology provides a new tool for sodal theory,
permitting usto see, for example, Qvha parts of the brain itself are activated in various
(noral Gsituaions such as the punishment of free-ridersO(GCog. Sci., Soc. Th. & Ethics,O
see also (Boc. Th. Cog. Neuro.Q. These developments are certainly exciting, but! think it
isimportant to be modest in our expectationsof wha we may learn from brain imaging
studies at this time. The current resolution of fMRI and similar imaging technologiesis
ontheorder of several square millimeters (QFunc Mag. Res. Img.Q), which seems quite
good,butwe mug remember that there are at least about 146 000 neuronsper squae
millimeter in human cortex (Changeux 51). Therefore each pixel in oneof these images
represents the average activity of at least about150 thousnd neurons which, by
compaison, is more than thenumber of trandstorsin an early-1980sintel 80286
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computer (used inthe|IBM PC/AT) (Ontel 80286Q) that is, each pixel represents the
average activity of an entire PC. Thisimpliesthere isalot going ontha we cannotsee.

Furthermore, fMRI measures blood oxygen level, which reflects metabolic activity in
neuronsove aduration of several seconds Since dectrochemical activity in neurons
takes place on atimescale of milliseconds thetime resolution of fMRI and similar
imaging techniquesis quite coarse. Within thetime interval resolvable by the device,
each of these hundeeds of thousndsof neuronsmay have fired hundeds or thousandsof
times; we see theaverage behavior. Therefore, valuable as these techniques are, they do
not come close to telling the whole story.

Asfurther evidence of theimportance of sub-millimeter cortical structure, | will
mention computational maps which are ubiquitous in the brain and oneof the
fundamental meansfor neural information representation (Knudsn et a.). Ina
computationd map, properties of a stimulus, motor plan, etc., are systematically mapped
to locationsin apach of cortex. For example, auditory stimuli are systematically
represented according to pitch; visud stimuli are mapped according to retind location,
edgeorientation, etc.; andtheintendad destinaion of an arm movement may be
represented in a map corresponding to Geach space.OSome of these computationd maps
are lesstha asquae millimeter in size (Knuden et a.), and therefore they are bdow the
level of fMRI resolution. Computationd mapsare critical in sensory and motor neural
systems (Morasso and Sanguineti), on which many practices depend, and so the eventud
integration of soda theory with cognitive neuroscience will degpend on an undestanding
of computationd mapsand other sub-millimeter neural structures.

Thus while brain imaging contributes to our undestanding of the medium- to large-
scale organization of brain activity over relatively slow timescales, this needsto be
supplemented by improved undestanding of processes taking place in dense networks of
hundeds of thousandsof neuronson millisecondtimescales. In additionto invasive
investigationsof neural activity, cognitive neuroscience will depend on adeep theory of
information representation, processing, and control at theneura level, such asisbang
developal in connectionist neural network theory. Animal studies are crudal to the
development of thistheory.

Turner pantsto therelevance of mirror neuronsto a neurocogniively groundel
sodal theory (QPr. Then & Now,OGBoc. Th. Cog. Neuro.Q). By alowing, in effect, the
neura activity of oneorganism to bereflected in the neural activity of another, mirror
neuronsimplement a more direct and efficient means of learning and communication
than do coniousobervation and imitation. In particular themirror neuron system may
beimportant in establishing empahy, discerning intentions and fogering thelearning
and evolution of language (Arbib and Rizzolatti). Thus beyond ordinary perception,
mirror neuronsprovidean additiond, and much more subtle and efficient, channd for
coordinating the behavior of the members of apopulation (human or nonhunan).
Therefore the mirror neuron system is an additiond mechanism in the emergence of
macroscopic propaties and processes, which establishes a closer link between
neuroscience and sodal theory.
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Ethics and Human Nature

It remainsto say afew wordson ethics and, in particular, onrelativism. In
BraingPracices/Relativism (ch. 4) Turner andyzes the conaept of relativism as an
explanaion of observed differencesin cultures, mores, worldviews, standponts, and so
forth. Asan explanaion it rests on the premises modd, which account for these
differences in terms of deduaive condusonsderiving from differing fundanental tadt
premises, which arise from necessarily nonrationd acts of commitment, leapsof faith,
jumps between worldviews, etc. He argues tha the premises modd isimplaugble and
unnesessary, and that differences arise from historical contingency, for cultural paths
may divergedueto theamplification of accidental differences or of peculiarities of
environment, context, individud behavior, learned practices, etc. (see aso his QPractice
RelativismQ.

Similarly, the study of complex adgptive systems shows tha such systems may have
aterndive stable states (stabilized by feedback processes) that are equdly adgptive. And,
aswe know, radically different cultures can beequdly effective in ensuring thesurvival
and well-beng of their members. Which culture arisesin a particular situation may
depend on historical contingendes, but can also be an effect of amplification of random
fluctuaionswith no adgptive significance. This observation may seem to imply some
form of relativism, butit isimportant to keep in mind tha adaptation to the environment
isan empirical conaept with abasisin evolutionary psychology. The study of complex
adaptive systems will hdp usto undestand thedynamical relationstha promote the
persistence of sodal organizationsin time.

Complex systems theory is especially informative in dealing with systems composed
of smple inanimate elements or of animate agents with ssimple behavior conditioned by
thar local situaions therefore it might not seem to be useful when the agents are human
beings Its applicability liesin thefact the people often respondunmnstioudy to sodal
stuaions(tha is, withoutcongious explicit judgment), and tha when they do make
explicit decisions they arelargdy based on persona circumstances (local criteria), not
globd (system-wide) conditions(e.g., drivingin traffic, making individud econormic
decisong. Therefore, to the extent that people behave unconstioudy and locally,
complex systems theory can accountfor emergent sodal structures and processes.
Convesely, congiousglobd judgment (tha is, explicit decision making informed by
knowledgeof thewhole system) can result in distinctively human sodal behavior.
Further, since amplification of microdecisionscan lead to globd phase changes, complex
systems theory illugrates theimportance of explicit ethical theorizing and individud
ethical choice to the self-organization and evolution of soda structures.

| suppo® it will begranted tha any practical ethicsN by which | mean any ethics that
will promote the longterm survival and well-beng of humankindN musgt take into
accountthe biological naure of Homo sapiens as revealed by evolutionay psychology
and neuroscience, and itsrelationto therest of theliving and nonliving world. Thisisthe
raw material with which ethics mug work. Ethics that ignores human natureis as futile as
carpentry tha ignares the naure of wood

In paticular, it isimportant to undestand the environnent of evolutionary
adapedness (EEA) of our species. Evolutionay biologists use this term to refer to the
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environment in which a species has evolved and to which it has become adgpted through
naural selection. It is by reference to a speciesOEEA tha we may undestand its specific
adaptationsand ther fundions Anthony Stevensargues tha 99.5% of the evolutionay
history of moden humans(H. sapienssapiens) has been spent as hunter-gaherersliving
in small kinship groups and tha this is the explanaion for the Geultural universalsO
enumerated by George Murdod, Robin Fox, Dondd Brown and othe's (Stevens Arch.
25, Two Mill. 15B19, 64E8). Leaving aside the specifics of these claims, which will stand
or fal unde theinvestigationsof archaeologists, anthropologists, and evolutionay
psychologists, it is neverthdess truetha undestanding our EEA will hdp usundestand
human naure and its adagptive fundion. How, then, can we apply some of theingghts
tha we can obtain from neuroscience, evolutionay psychology, and complex systems
theory to our ethical dilemmas?

Althoughevolutionay psychologyisayoungscience, it isreasonable to suppo® tha
Hono sapiensis adgpted to living by huning and gathering in kinship groupsa few
dozensin size. It isalso plaugble tha many of the Qliscontents of civilizationGand even
many neuroses have ther roat in thedivergence of civilized life from our environment of
evolutionay adgptedness (Stevens Arch. ch. 9, Two Mill. 86). This presents uswith a
dilemma, for we can nather return to this andent lifestyle (which would require a sort of
regression to an earlier, less conscioudy organized sodal structure), nor can we (yet!)
alter our genome, which isthefounddion onwhich human naureis built.

We require atertiumqud, and it can befoundin our ability to bring conscious
undestanding to this ethical dilemma (Stevens Arch. 276E7). Indeed, constious
undestanding and explicit discourse aboutour behavior is an aspect of human naure,
which can follow a self-reinforcing trgjectory toward an increasingly consiousand
reflective awareness of ourselves, now incorporating ingghts from connectionist
cognitive science, neuroscience, evolutionay psychology, and complex systems theory.
In thisway we can strive to formulate ethical norms that are compatible with human
biology, and tha promote the well-beng of the human organism (induding our
psychological well-bang, which aso hasitsbiologca foundaion).

Thiswidened congiousessis avauable god for both theindividud and sodety.
First, abeter undestanding of our naure, bath phylogendtic and ontogenetic, will
facilitate ourindividud well-beng. Xnow thysalf,Oas the Del phic maxim urges. The
solutionisto nather repress our biological naure norto act it out, butto engagein an
informed, coniousnegotiation with it. Second,asodety will be better adgpted to its
environment if it strives conscioudy to organize itself congstently with human (and
nonhunan) naure.

Theforegoing remarks have treated biological human nature as a given, a necessary
precondition for any ethics that can be adaptive in thelongterm. Neverthdess, even
withoutgerm-line gendtic engineering and neurosurgery, human nature can be atered.
First, we now know that the brain is much more plastic than previoudy bdieved, and that
the environment can have important effects on neural processes notonly in early
childhood,butthroughoutthe human life cycle. Second, epigenetic processes permit the
expression of genes to bealtered by environmental conditions effectively altering
gendics withouta changein theDNA. Findly, aswe have seen, the Baldwin Effect
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eventudly adapts the genome to theniche (e.g., behaviora nomms and other sodal
structures) that a popuktion has created for itself.

Y et we mug be modest, for thereis much tha we till do notknow, and not base
radical changes of direction on premature, inadequaely tested, and poolly undestood
scientific theories. (Soda Darwinism illugrates thedanges.) Furthermore, oneof the
mog important lessonsof complex systems theory it that it is difficult to predict the
effects of changes, dueto the complexity of thefeedback processes and ther
amplification of minorinfluences.

Conclusions

Jung,whowas well aware of theinginctud side of humankind; said (Alch. St 184),
Nature mug notwin the game, but she cannotlose. And whenever the coniousmind
clingsto hard and fast conaepts and gets caughtin its own rules and regulationsN asis
unavoidable and of the essence of civilized consiousessN nature popsup with her
inescapeble demandsO

This statement is quite precise. Nature must notwinQ that is, it isimperative that we
notgive in to naure, for tha would bearegressonto an undvilized state andin fact a
unnaural rejection of the human potential for civilization. On theothe hand, nature
@annotlos=Q tha is, it isimpossible to escape naure because we are part of it and
condrained by naural law. Further, human nature permits, and even demands the
formation of concepts and the consciousformulation of behavioral norms, which are
fundamental to civilization and have ther own self-reinforcing dynamics, butare
ultimately condrained by biological necessity.

How can this paradox beresolved?| bdieve we have to hold thetenson of the
oppostes. on onehand, the phylogendic or species-specific naure of the human mind,
which defines the raw material's we have to work with, and onthe other, our equdly
human ability to consioudy and critically undestand and goven our perception and
behaviorN in the context of human natureN and thereby to make our individud
contributionsto theevolution of our sodety.
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Appendix

For readers interested in the mathematics of thesingular value decompostion (SVD),
hereitisinbrief. Let M beany mx n matrix (e.g., aneura connection matrix in which
M isthestrength of theconneetion to neuron i from neuron j.). ItsSVD isthematrix
produd¢ USV =M, where U=[u, K ,u, ] and V =[v,....,v, | are orthogon& matrices.
(The u, arethecolumnsof U andthe v, thecolumnsof V.) " =diags,K ,s,0K ,0) is
adiagond matrix, in which s,K ,s arethesingular values, the nonzro diagond
elementsof ", and r istherank of M. Everything can be arranged so that 5K ,s arein
noninceasngorder, " s," ---" 5, " 5. M=UZXV can bewritten in thealternaive

fom M =" ;:lskukv,f.

If a(column) vector of information x (representing a patern of activitiesin a set of
neurong is fed into this connection matrix, theresult will bethematrix produd y = Mx,
which represents the pattern of activity tha isthe output of the connection matrix. (This
outputisalinear combinaion of theinputs, and some readers will beaware tha most

neural ngworks are noniinear, buttheeffect of thenonlinearitiesontheresult Mx is
unimportant for our purposes here.) Usingthe SVD, the output can bewrittenin the

aternaiveform y = Erkﬂskuk(le). This expression can beinterpreted in terms of a set
of r implicit Goft rules,Owith the kth rule looking for patern v, and generating output
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patern u,. (Sometimessuch aruleiswritten v, " u,.) Theinneg produd (or scalar
produd) v, x measures thesimilarity of theinput x to v,. This nunber weightsthe
output patern u, so tha themore closely theinputmatches v, , themore strongly will u,

berepresented in theoutput In addition the kth implicit rule has an inheaent strength or
weight given by itssingular value s,. Thisreflectsits overall influence (importance) in
thebehavior of theneura connection matrix.

A matrix representing the connectionsamongthousandsof neuronsmight have
thousndsof nonzro singular values, and so the exact representation of this nework
would require thousindsof rules. (Indeed, since they are Goft rulestN i.e., they admit
degrees of applicabilityN they are more expressive than the more familiar Ghard rules,0
which either do or don® apply; an even larger nunmber of hard rules would berequired.)
We can approximate the matrix with fewer rules by setting some of thesingular valuesto
zero, in effect eliminaing thecorresponding rules. Since we have putthe singular values
in nonincreasing order, we can do this optimally by beginning with the smallest singular
value s, (correspondingto theweakest rule). Next we can eliminéate s,_,, and continue
until we havereduaed therule set asfar aswe want. But each such approximation step
eliminaes some of theflexibility, subtiety, and sengtivity of the origind neural network.

-20-



