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Abstract. Both natural andengineeed systemsarefundamentall y dynamica in neture: their defining
properties are causal, and their functional capadties are caisally grounded. Among dynamicd
systems, an interesting and important sub-class are those that are aitonamous, anticipative and
adaptive (AAA). Living systems, intelli gent systems, sophisticated robasandsocial systemsbelong
to this class and the use of these terms has recently spreal rapidly through the scientific literature.
Central to understanding these dynamica systems is their complicaed organisation and their
consequent cgpadties for re- and self- organisation. But there is at present no general analysis of
these cgpadties or of the requisite organisation involved. We define what distinguishes AAA
systems from other kinds of systems by charaderising their central properties in a dynamicaly
interpreted information theory.
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" This paper hasreaded its present formulationthrough joint discussonandit isimpossble
now to dsentangleour individual contributions; however, oreof us(JDC) hasespedally contributed
theinitial ideasfor our treament of information whil e the other (CAH) contributed initial ideas on
systems (types, moduarity). We dso want to adknowledge val uabl e discussonswith co-reseacher
Wayne Christensen (seereferences) and Bruce Penfold as well as Mark Bickhard, Jonathan D.H.
Smith and Tim Smithers.



Both natural and engineaed systems are fundamentally dynamicd in nature: their defining
properties are caisal, and their functional capadties are caisally grounded. Among dynamicd
systems, an interesting and important sub-class are those that are aitonamous, anticipative and
adaptive (AAA). Living systems, intelli gent systems, sophisticated robasandsocial systemsbelong
to this class and the use of these terms has recently spread rapidly through the scientific literature.
Central to understanding thesedynamicd systemsistheir complex organisationandtheir consequent
cgpadtiesfor re- andself- organisation.But thereisat present nogeneral analysisof these cgadties
or of therequisite cmmplex organisationinvolved. We definewhat distinguishesAAA systemsfrom
other kinds of systems by charaderising their central properties in a dynamicdly interpreted
information theory.*

A satisfadory dynamicad acournt of AAA cagpadty must bring together the resources of
physicd theory and control theory into aunified theory. This presentsanumber of problems, na the
least of which isformulating adynamica ac@urt of processorganisational naotions, such asthat of
control.? Whereas physica theory primarily invalves the disposition and time evolution d energy

Thisapproadhis not novel with us, but we daim agreaer predsion andintegrationthanis
foundin previous work. Theideaof bringing together dynamics and information theory has roots
in discussons of Maxwell’s demon (seeLef and Rex 1990,Colli er, 1990bfor references), and hes
been developed by Brill ouin (1962, Landauer (1961, 1987, Bennett (1972, 1983, 1985, 1938
Gatlin (1972, Layzer (1975, 199), and K Appers (1990). Kampis (19971) hasappli ed theideaof self-
organisation to the same set of problems we ded with. Recent papers by Kampis and aher
representatives of the general approach cal ed internalism, or endoplysics, have been colleded by
Matsuno(1996; whil ethisapproach perall elsoursin several ways, wedo nd adopt thesubjedivism
of some of its representatives.

%In their technica dynamicd usages, constraint, regulation and control are distinguished as
foll ows: Constraint refersto any dynamicaly based restriction onsystem accessto regionsof its gate
space regulationto constraint satisfadion through dynamic feedbadk relations (rather than merely
from the stability of the unperturbed dynamics), and control to regulation by comparing relevant
system state condtions with a reference ondtion, and generating a @rrecting feedbadk signal
acordingly. We do nd pursue these important distinctions further here, nar the subtleties of
dedding which oltains (as oppased to system behaviour as if it obtains) because, while of grea
importancefor understanding the predse ways various kinds of adaptivenessare redised, they are
not crucia for the more foundiational acourt we ae developing here. Instead, we will sometimes
refer to “regulation and control” where we wish to avoid the distradion o amore detail ed analysis,
but more often use the more lloqual, vaguer sense of “control” under which it means (roughly)
“sufficiently constrained” —asin “a computer is controlled by its program” —where predse means
of constraint can encompass any or al three of constraint, regulation and control as defined
technicdly, and leave the mntext to disambiguate the sense involved.

However, these terms can also be used in a more adynamicd functional sense where
“regulation” means only “yields (roughly) constant output for varying inpu” (where “roughly”
encompassesthe usual considerations of all owable transients and reanessto constancy to court as
sufficiently stabili sed) and “control” means “regulated in areference ondtioned way”. Used thus
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and matter, control theory is more concerned with the functional structure of interadion and
informationflow withinasystem (though itsultimate am iscontrolli ng thedisposition d matter and
energy). The central problem is that a very small amourt of information can alter the dynamicd
behaviour of a very large anourt of energy and matter, as when a diange of state of a bit of
informationin a @wmputer can control a counterweighted dam gate to release megalitres of water.
Thecontrolli ng eff ort isminuscule cmompared tothe dfed, but it isnot negligible: any control device
must do some work to change its control state. It turns out that work is the cmmon groundfor
informational and dynamica processes.

Most approadies to the problem since Descates have been dudistic, treding the
organisational design puely functionally, andtreaingafunctional design anditsphysicd redisation
separately, the only constraint being that the physicd redisation can implement an appropriate
functional design. Little dtention is given to how functional requirements can be satisfied
dynamicdly, in particular to the nstraints that proper functioning places on the dynamics of the
physicd implementation®. These problems are seen as primarily technicd, rather than central to the
nature of functiondlity itself. This approach hes the inevitable ansequence of pushing badk the
origin of teleology into the mists of an ariginating mind. In robaics and Al, oreis sduced into
acceting pupose & an extension d the purpases of the human designers rather than as arising
intrinsicdly inan appropriatel y organi sed system. In cogniti ve science, intentionality ispresuppcsed
by restricting psychology to the study of the “cognitively penetrable” (Pylyshyn, 1984, and
focusgng on it on functional explanations (Cummins 1983. In hiology, teleology becomes an
embarrasgnent. Nature, through itsrolein seledion, nd only tendsto take over the traditional role

they are multi ply dynamicaly implementable, and so imply nothing abou the spedfics of their
dynamicd implementation from case to case. The tendency to exploit, but not recognise, the
ambiguity of functional and dynamicd senses, and the ansequent fail ure to tadle the relations
among functional and dynamicd spedficdions, has led to many unrecessary difficulties in
discussng complex organised systems(seesedionlV.2.3). Setting asidethetechnicd mathematicd
use of “function”, here we eschew functional talk in placeof interadive cgadties, which are their
dynamicd underpinnings, unessthe context makesit clea that we aeusing the wll oqua meaning,
or referring explicitly to inpu-output relations.

3 Descartes approach to the problem was  crude that it is a caicaure. Suppasing no
conceptual conredion ketween mental and plysicd adivity, Descartes relegated them to separate
substances. Physicd adivity was constrained by various fluid pressures working through tubes
conreding parts of the body. Control was organised in the mind, and exerted through pressuresthe
mind placel onthe pined gland. This control was then distributed through the body through the
tubes. (For Freud's version see Pribram, 1976) Repladng “nerves’ for “tubes’, suitable
eledrochemicd adivity for fluid presaure, and computationfor mental adivity, Descartes’ position
is nat so far from contemporary cognitive science (except that the shadowy nation o essentially
separate substances has been dropped in favour of property essentiali sm to justify the dualism). The
theme is commonto avariety of contemporary idedist approadies to mind and language (Martin,
1983.
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of God(aswasreagnised, though controversially, soonafter the pulication d Darwin’ sTheOrigin
of Spedes), it becomes difficult to even investigate the natural origins of purposive aedures.

Not all control theory ignores dynamicd implementation. A number of authors® argue that
consideration of dynamica processs can ill uminate the minimal functional requirementsfor types
of control problems. The outcome of this strategy is that many control problems turn ou be much
simpler thanthey would appea to befrom apurely Cartesian computational perspedive. At thesame
time, the strategy revedsthe extent to which the Cartesian presuppasition d theintentionality of the
mental obscures a genuinely difficult problem: if relatively simple dynamicd devices can solve
apparently complex functional problems, what use ae intentionality and computational models of
mind? To answer this, we neal to determine a ¢ass of interesting problems that either require
intentionality or are advantageously solved by Cartesian reasoning®. Wedo nd addressthisproblem
here but attempt to lay a principled foundation from which it can be aldressed, along with ather
proper questions concerning the nature of living and intelli gent processes, by showing where, and
onwhat basis, those cgadti eswhich groundliving andintelli gent processes (namely AAA) fit into
dynamica charaderisations of systems.

Living systems are not passvely independent, in the way a rock’s crystalli ne structure is
undsturbable by all but the most violent signals from its environment. Rather, they are vulnerable
to disruption by impinging signals - storms, predation, cold ... - and constantly in neal o
replenishingtheir disspating energy and ader. Thecohesiveorder of living systemsmust be adively
maintained by processesof variouskinds(cdl ular reproduction, structural repair, energy suppy, and
so on). Their structural bonds have energies measured in e edron vdts, even fradions thereof, na

* See eg. Braitenberg, 1984 Brooks, 1991 Churchland, 1989, 1995Ho0oker, Penfold and
Evans, 1992 Hooker, 1996.

> The dynamicd approach to control theory is not withou its own problems. It requires
considerable ingenuity (and/or luck and patience) to implement ageneral dynamicd approachto a
spedfic functional problem. In particular, dynamicd solutions to dfferent problems canna
necessarily be added together to solve amore ammplex problem that is the logicd sum of the two
problems, because of interfering interadions among the dynamicd parts of the system. In the
Cartesian model, a solution to a problem that is computationally solved is not “lost” when the
problemisadded together with ancther problem that hasbeen computationally solved, aslong asthe
solutions are not strictly inconsistent. For example, a Cartesian roba that has lution to the
problems “move towards a light source”, and “avoid barriers’. A roba with adynamica solution
to eat o the problemsindividually, howvever, might not be aleto perform the combined problem
becauseitsdynamicd solutionsto avoiding barriersandmoving towardsali ght sourcemight require
theroba to usethe sameresourcesinincompatible ways. Thereisa wrrespondng difficulty within
Cartesian design, havever: given a solution (algorithm), it is not always clea what problem the
solution solves. Except in very controll ed circumstances (equivaent to avery restricted problem),
not every contingency can be rigorously acourted for, and a given algorithm might turn ou to be
a solution for amuch more restricted, a even dfferent, problem than expeded. This difficulty is
well-recognised by programmers, and hes been paid hamage to in the sardonic labelli ng of some
program bugs as “fedures’.
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the milli ons of eledron vdtsthat fix arock into resporseless sability. This explainswhy systems
of this kind are adaptable, for unlessthey can constantly adapt to mitigate or compensate for
disturbing signalsthey will bedisrupted and,losing their cohesion, lose their identity as that sort of
system.® This samevulnerability isthe basis of their adaptabilit y, sincetheir internal delicag makes
them easily aterable, al owing them bath to be sensitive to signals and to respondto these signals
mall eably andflexibly in arder to maintain themselves. Their resporsesto signals cannat be mostly
passve, likethose of agas, nar largely uniform, like those of a aystal, but must so interrelate asto
preserve the organised complexity that underwrites control of that very resporsiveness and
adaptability. Thisadiveindependence, their charaderistic organisational property, wewill cdl their
autonamy.’

¢ System cohesion refers to the dynamicd stabiliti es arising from the constraints which a
system of aparticular nonlinea dynamicd kindimposes onits constituents. The essential ideaof
cohesion is that of an emergent system dynamica property that is insensitive to relevant locd
variations (e.g. thermal fluctuations) in the system comporents, including in those nonlinea
interadions that formed it (Colli er, 1988h). For example, akite, but not aframed soap bublbe, has
naticeale lift in awind kecause the whesion o its surfacemoleaules successully integrates the
collisionswith air moleaules and transfersit to the frame. Thisisin turn dfferent in kind from the
(still dynamicd) communicaional interadionsthat constitutes the ahesion d aflock of birds, and
from the non-cohesive but correlated wave pattern formed in aboat’ swake. In Christensen, Colli er
andHooker, 1997bcf. Calli er, 1988bwe haveshown how cohesiongroundsboth system properties
andindividuals.

"Therehave been anumber of attemptsto developa charaderisation o adively individuated
systemsrelated to the concept of autonamy outlined here, though there is considerable diversity in
the details. Maturana and Varela (1980 present a theory of autopaeiti ¢ systems based oncdlsas
paradigm examples. Also using cdlsasthe primary model, Rosen (1985 developsamathematicd
theory of self-repairing systemshe cdl smetabdi c-repair systems. Bickhard (1993 contrastsenergy
well and far-from-equili brium systems, and labels far-from-equili brium systems whose identity is
processhased self-maintenant systems. These had been much ealier noted by Fong (1996,
appendix). Ulanowicz (1986 and Smithers (1999, to ou knowledge independently of ead ather,
bath spe&k of a dass of autonamous systems described as self-governing. The @nception o
autonamy used here (and developed further in Christensen, Collier and Hooker, 1997, b and
Christensen and Hooker 1997, b) is most influenced by the work of Rosen, Ulanowicz and
Bickhard, however much of thedetail of the analysisisoriginal. Fong, whosemainwork wasc.1970,
has an owerall approach similar to ousin ouline, e.g. in groundng explanation d more complex
systemsin plysicd organisation and information, bu ladks the ideaof autonamy and aher later
technicd nationswe employ. (However he has developed abradang breadth of visionthat we hope
someday to match.) The @ncept of autonamy also has along-standing definition in mathematica
systems theory which is closely related to ou own, seencte 10.
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Systems of thiskind have many subsidiary organisational properties, i.e. system propertiesthat are
preserved by theopen cycleof interadionwith the environment. The Chedah’ scgpadaty for therapid
chaseisa complex neuro-optico-muscul ar property whichismaintained throughthefoodsuccessul

chases provide, and through its very exercise (itself a neura entrenchment cgpadty arising from
more basic properties of neurones ultimately maintained through their suppat of entrenchabl e skill s
like chasing). Ead such capadty adds to the adaptive fitnessof its g/stem. Autonamous g/stems
areintrinsicdly organisationall y global: Because their capadties, i.e. their processes and resulting
functional properties, must be so integrated that they are @leto adively maintain themselves, their
overall functionality can na be grounded in amere aggregate of independent processes but requires
that distinctive global processintegration that alone insures maintenance of the whole & ajoint
interadiveconsequence acossall their interrelated processcycles. Processcontrol in suchintegrated
systemsistypicaly complex, ading aacossmany diff erent dynamicd timescdes (cf. feading cycles
with moulting cycles) and requiring coherent adivation and moduation (including nested
sequencing) of subsidiary processes(cf. feeding foll owing hurting, with optica andmotor sequences
nested inside hurting); this requires a system capadty for adaptability. The same requirement is
reinforced by the nead for eff edive resporse to changing environments. The seledive alvantage of
being able to relevantly improve various functionaliti es compl etes the grounds for the importance
of, nat just adaptation, bu adaptabilit y. Such autonamous, adaptive (adapted and adaptable) systems
areintrinsicaly anticipative. Their cgpadtiesimply that their adions anticipate responses that will

suppat those properties. Behaviour, in particular, isfed forward in anticipation d receving desired
resporse signals from environment and self. Hunting behaviour, for example, is feed forward
anticipation of receving subsequent satiation signals. Anticipative feedforward is fundamental to
al self-controlli ng systems, to intelli gent systems in particular; it combines with error-corredive
feedbadk to deliver powerful leaning and resporse caabiliti es. Andthuswe arive & out the AAA

systems we wish utimately to charaderise.

We suggest that the roats of intelli gencelie in the complex organisational requirements of AAA
systems, that intelli genceis esentially an articulated refinement of AAA cgpadti es. Autonamous
systems are sensitiveto, becaise vulnerable to, impinging signals (internal and environmental) and
must adively regulate or control their interadionswith their environment and among their internal
states so as to at least maintain their life processes. These systems have to be anticipative and
adaptable in order to survive succesdully and these cgpadties grongly reinforce the need for an
internall y organised control of their resporsesto stimuli. Thus AAA systemsalready display subtly
integrated stimulus-respornse cgadti es subjed to considerable anticipative, modifiable endagenous
control; thisis alrealy to show the central hallmarks of intelli gence. Oncethe dynamicd nature of
that internal constitutionis properly appredated, we wntend, it will be dea how intelli gence, and
our kind d conceptual intelligencein particular, is a natural extension, anatural refinement, of it.
It is not the purpose of this paper to cary out that task®, here our prior aim isto lay the foundation
for that understanding by devel oping ageneral and principled aceunt of complex dynamica systems
which shows what systems haveto beliketo be AAA.

8 For various aspeds of thislarge task seeHooker 1995and nde 74 references.
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A key to approaching this task is Schrodinger’'s (1944 negentropy principle of information.
Informationisavery abstrad and paverful concept that canin principle represent all computational
and formal relations, condtions and constraints quantitatively.” These formal properties of
information present us with some hope that system organisation, including cognition, can be
quantitatively represented within the language of information theory. The negentropy principle, on
the other hand, gives a quantitative conredion between information and thermodynamic state
variables of physicd systems. The result is a dynamicd information theory (in dstinction to the
abstrad formal information theories of mathematicians and communications theorists.) Although
thisgoes smeway towardsreducing thegulf between sophisticated functional (espedally cognitive)
and dynamicd charaderisations, it does nat tell us how to doit.

Schrédinger (1944 al so suggested that the defining charaderistic of lifewasthe cgaaty to feel off
exergy (avail able energy) to maintain and produce negentropy (system orderedness. Whilethisis
corred, the negentropy principle done caana distinguish intelli gent or even living systems from
hurricanes, stream eddies, sunspats, or the universeitself. The key to uncerstanding Schrodinger’s
clam lies in unmding the phrase ‘maintain and poduce; spedficdly we propose that living
systems are distinguished from other nonequili brium phenomena & least by their AAA cgpadties,
aswell as by their ability (R) to reproduce themselves, including their own reproductive cgadty.
(A sinequanon d these systemsisthat AAA R isitsalf an invariant of reproduction ) But it turns
out that these properties are dso intimately tied to concepts of complexity and self-organisation,

*Thisisatednica senseof “information” used ininformationtheory. It isredly ameasure
of the capadty to carry meaningful information.

9 In mathematicd systems theory ‘autonamy’ is given a forma meaning: A system S is
autonamous if the functional dynamics of S does not contain time explicitly (e.g. Gilmore 1987).
This definitioniswider than the meaning we have given to theterm herebecaiseit includes g/stems
which are merely passvely stable, like abrick, aswell asthase which adively maintain themselves
at afar-from-equili brium dynamicd stability, asall li ving systemsdoandasour AAA R systemsdo
(seebelow). If the definitionisread as requiring that every asped of the functional dynamics of an
autonamous system be time invariant then it will be narrower than ou own because adively self-
mai ntai ning systemsinclude adaptablesystemsandall adaptable systemshavethe cgadty to modify
(adapt) some partsof their functional dynamicsto better suit their current situation, so that in atime-
varying environment (the typicd biologicd case) at least some of their functional dynamicswill be
afunction d time. However, it foll ows from the text remark that thereis a privil eged spedfication
of the functional dynamics of these systems which istime-invariant, namely that it isSAAAR. This
correspondsto thewhole-system level of cohesion a scdefor these systems. Furthermorethetime-
varying functional comporents will only correspondto autonamous sub-systems when these | atter
also satisfy such aninvariant functional spedficationand hence exhibit appropriate ahesionat their
whoale-sub-system scde. Thus, excluding passvestahilit y, andwith thedefinitionread as gating that
asystem isautonamousjust in resped of itstime-invariant functional dynamics, intherespedsand
at the system scaes at which they occur, the two concepts coincide.
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which are in turn amenable to an information theoretic treament. The rest of this article is an
extended investigation into seleded aspeds of this treament.

II. Organised Complexity is Essential, Self-organisation is Characteristic

The AAA R systemswith which we aemost familiar —living systems, espedally ourselves—are dl
very complicated. It would be niceif we @uld construct amodel of asimple system that possessed
these cgadties and thereby obtain a better understanding of their esentials. Unfortunately, there
are reasons (already suggested) to believe that the systems we wish to understand are inherently
complicated, and that to understand such systems we need to understand the relevant kind o
complicatedness Our strategy will be to consider increasingly complicaed kinds of systems,
examining their limitations to seewhat additional feaures are required.

Inclasscd physics, thetradabilit y of threetypes of systems has meant that they have receved most
of the study. These systems are 1) single particle and conservative, decomposable (lineaisable)
multi-particle systems, 2) statisticdly spedfied systemsat or nea to equili brium (e.g. gases, fluids),
and 3) sufficiently well constrained bu nonli neaisable multi -particle systems, e.g. many macdines
and some dedromagnetic systems. What eat of these threekinds of systems dharein commonis
the existence of analytic solutions for their dynamics, or convergent higher order additive
approximationsto these. In ore sensethat iswhy these systems aretradable, but thisresporse does
not ill uminatethe physicd basisfor their tradability. To dothat we need to distinguish two different
dimensions to tradability, often conflated or confused, complexity and aganisation. Esentialy,
complexity refers to the number of independent pieces of information needed to spedfy a system
(whether the spedficaion is from an internal or external perspedive), while organisation
charaderises the extent of the interrelations among the mmporents of the system in terms of their
number, scope and dynamics (degree of nortlineaity). Tradable systems reduce the burden of
acaurately modelli ng their dynamics and functioning by exhibiting only low valuesin ore or bath
of these two dimensions. Type 1 systems are uncomplex and unaganised (at most additive
compasition); type 2 systems are complex but unarganised; type 3 systems are uncomplex but
organised. Complexity and aganisation are relative nations in the sense that they are matters of
degree but they are nat arbitrary. To afirst crude gproximationwe can classfy systemsunder the
two dichotomies: complex versusuncomplex (simple), and arganised versusunarganised (randam).
Our classficdion dependsto some degreeon plysicd scde: At alarge scde organisational detail s
or complexity at small er scdes may be irrelevant. Like the relativity of strength of complexity and
organisation, their relativity of scde, athough inconvenient, is not arbitrary.

Thethreetypes of systemstradableto classcd physicsfill up orly threeof the passhiliti es creaed
by the complexity and organisation dchotomies. The fourth passhility comprises complex but
internally organised systems. It is perhaps obvious that known living systems, espeaally cognitive
andsocia systems, fit into thisfourth category. Unli ke systemsof types1 and 3,whoseorganisation,
if any, isfully determined by their initial internal and boundry condtions, sometype4 systemscan
produce new organisation through time. And, urike type 2 systems, whose organisation, if any, is
entirely imposed by boundxry condtions, type 4 systems contribute internall y to maintaining their
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organisation and, where it increases, to increasing it. Some natural nontliving type 4 systems are
wedher systems, stream eddies, and solar systems.

In properly understanding this classficdion it is important to nde that the strength and scde
relativities of complexity and aganisation alow type 4 systems to mimic type 1, 2 a 3 systems
under certain condtions. Spedficdly: A) over short time scaes, except for type 4 systems nea
criticd pantsin system phase space behaviour isrelatively linea. Only over longer time scaes or
nea critica pointsdocharaderistictype4 propertiesreved themsel ves. For example, therevolution
androtation periodsof Mercury areina2:3ratio. Onthesmall scae, thisisexplained by the analysis
of planetary dynamics using gravitational theory with additive higher order perturbations. On the
large scde, however, the question arises, why this harmony rather than nore or the more expeded
1:1 ratio? The answer requires understanding how order can arise through dsgpative processesin
systems with multiple d@trador basins, a charaderistic type 4 problem. B) On bah small andlarge
scadesrelativeto system size, organisational propertiesarerelatively unimportant. For example, the
complex dynamics of stell ar interadions can betreaed largely statisticaly at the scde of galaxies,
and as atype 1 system for binary stars, however the dynamics of globuar clusters, espedaally their
stability condtions, require type 4 analysis. C) The organisational properties of most systems are
relatively insensiti ve both to interadions with much more strongly and much moreweégkly cohesive
systems. For example, the human body hasimmense internal organisation crucial to its nature and
yet, respedively, interadions between the human body and the ar can be treaed largely through
particlemedanicsandstatisticd fluid dynamics, andahuman body falli ng ontorockscan betreaed
in terms of the theory nonrigid and rigid bodes. Interadions between human bodes and food,
however, canna be mmpletely understoodwithou understanding the organi sation and anticipatory
cgpadties of human bodes, which we will charaderise below asatype 4 problem.

Current computers are an interesting case because they are made of highly redundant componrents
put together in amoduar way. Their high redundancy and moderate physica organisation makes
them type 3 systems, but they are caoable of running highly complex and aganised programs, and
have been used to approximately model typicd type 4 processs. Although their general principles
of operationarevery simple, they appea complex to many usersbecaise of the complexly organised
initial and boundry condtions impaosed by their programs. In contrast, the operation of living
systemsisof at least the same order (and wsually higher) of organised complexity astheir boundary
and initial condtions. If computers (and computer guided robas) are to be caable of type 4
behaviour, their programming will need to be quite abit different than it is now, alowing a high
degreeof self-modification nd under the control of initial constraints.** Physicdly, then, computers
aretype 3 systems, but with the addition o suitably designed programs they can show some of the
functional charaderistics of type 4 systems; however they arestill far from being paradigmatic type
4 systems even under these @ndtions, their sometimes unexpeded and nowl behaviour
notwithstanding.

1 One way to dothis, perhaps the only way, is to all ow the non-programming dynamica
plasticity of the material computer to adively modify programmes, i.e. to seriously embody the
computer intelli gence - see eg. Christensen and Hooker 19974, b, Clark 1997.
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Becausetype 1, 2and 3systemsare much moretradabl e than type 4 systems, and badh scientistsand
engineas understandably tendto work with what istradabl e, thereisanatural tendency to subsume
type 4 systems under the tradable dasses using various des and approximations, and ignore the
conditions under which such systems are not tradable. This natural tendency shoud be resisted,
becaise it leals to negled of charaderistic type 4 system properties which are anong the most
interesting and pradicaly important, if most chall enging, in nature.

Ingarden et al. (1997 8) usefully distinguish between microscopic, maaoscopic and mesoscopic
systems. Most often these ae understoodrelative to human interests (e.g. relative to human scae),
but the ideas can be gplied relative to any natural scae. For example, galaxies are maaoscopic
relative to stars, microscopic relative to the entire msmos, and mesoscopic on the spatial and
temporal scdes of galaxies themselves. Ingarden et al. suggest that the mesoscopic domain
introduces a new set of isaues, thase for which conservative dasscd medanicd and equili brium
methods (together, Hamiltonian methods) are nat well suited. We suggest that it isdefiniti ve of type
4 systemsthat their mesoscopic domain properties can nd bereduced to either their microscopic or
their maaoscopic properties withou significant lossof explanatory value. Organisation requires a
scde of the same order asthe organi sed system, so the gpropriate scd efor understanding organised
systems is mesoscopic. In the cae of type 3 systems, which are organised bu nat complex, the
organisation can be understood as the sum, or limit of, expansion d small scde dynamicd
properties, or else asthe analyticd product of, or limit on,reduction o scdeof large scdefunctional
properties. Current computers, for example, can be understoodin bah these senses, in terms of the
sum of the dynamicd contributionsof their physicad comporents (their highly moduar construction
insuresthis), andintermsof their functional rolein human scade gpli cations(typicd contemporary
well-behaved program design reduces problems to highly moduar and predictable mmporents).
Type 4 systems, by definition, require amore hdlistic, norreductive gproacd.

Whil e type 4 systems may contribute to maintaining their own organisation, thisis compatible with
their organisation adually decreasing, eg. when dsdgpation owrwhelms the maintenance
Hurricanes disperse and creaures die. Even systems that can increase their organisation must
eventually cease doing so when they have exhausted their internal organisational space ad/or the
cgpadty of their environment to supdy new order to them. These ae processs of senescence
(Salthe, 1993 1995. We shall | abel the first senescent dedine and the second senescent fixation.
Non-senescent systemsthat areincreasing their organisationwewill cadl immature. Systemswhose
organisationisconstant divideinto two, nondisspative systemswill be held at their organisational
celings, so in senescent fixation, whil e disgpative systems will be in a steady state (a dynamic
equili brium) and we will cdl them stably non-senescent, or mature. Natural systemstypicdly pass
fromrapid growth intheimmature phase, to stable non-senescence a maturity, andthen to senescent
dedine and finally extinction (as that type 4 system). Of course this can occur at different ratesin
different parts or sub-systems of a system; e.g. in Alzheimer’s disease aperson's neurologicd
functioning dedi neswhil etheir cardio-vascular functioning typicdly continues, andthereverse cae
isaso common.

Consider now the processes which tend to promote organisation, the organsing processs. These
can be of two kinds, those where no nrew maaoscopic constraints are formed and thase where new
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maaoscopic constraintsemerge (expressed either as gructuresor structured processes). Theformer

are esentialy passve filtering, sorting and re-arranging processs, and we will cdl them re-

organisationprocesses, incontrast tothelatter self-organsationprocesses. Tofadlit ate omparison
we consider an example of ead. Coins are often sorted by being placel in a sorting box, above a
series of graduated meshes ordered by mesh size (biggest size ontop) and chosen so that ead mesh

sizeisintermediate between the wrrespondng coinsizes. Thesorterisrandamly jiggled haizontally

and the ains are aitomaticdly sorted by size & ead eventualy fall sto its appropriate mesh, the
meshes ading as passve filters. The @ins have aguired a small increase in organisation (von
Furster’ sorder-from-noise principle, with gravity the ordering principle) but the min+sorter system

has simply re-organised. On the other hand consider a @lledion d randamly pasitioned moleaules
at rest at equili brium and then again subjed to jiggling so that they aaquire randam increases in

momentum; but this time suppcse that they interad exothermicdly above some energy threshold,

so that first one pair bonds as a result of a particular fluctuation, releasing energy, and in

consequencean increasing cascade of bonds are formed, with the ultimate result that the lledion
condensesinto arigid, regular hexagona crystalli ne objed, releasing energy to form asurroundng

radiationfield. The moleaules have aquired asmall i ncrease in arganisation (through the ordering

of bondng and radiative disspation), this time through self-organisation.

First, consider what these caes sharein common.Both systemshave avail able an ordering principle
and bath are subjed to urcontrolled perturbations which are required to initiate the organising
process where ‘uncontrolled” means avariation nd controll ed by existing system constraints (i.e.
by system structuresand processs). Thesefeauresare essential for either process- otherwise order
would be aeded ex nihilo. Withou an ordering principle there would be no coherent motionin
either system, their elements would disperse @ randam like an urcontained gas. Withou an inpu
of perturbations, ead internaly (if idiosyncraticdly) ordered, there would be no external source of
new order from which to generate the new system order and arganisation** For the same reason, in
both cases these perturbations must be uncontrolled.** The paint of their being randam is only to
ensurethat sufficient possbiliti esare explored to makeit probablethat at least onethemwill contain
order that can initi ate system ordering inresporse. Thisrequires, againin bah cases, that the system
dynamics(in perticular the ordering principle) must besuchthat theorder in sufficiently many inpus
iseffedively retained (not ‘washed ou’ by subsequent fluctuations) and perhaps even amplified. In
the coin case gravity transforms the order in a horizontal fluctuation that brings a @in into an

21t is metimes possbleto provide sufficient ordered energy in the spedficaion o initial
conditi ons that the system will proceead with the organising processas a matter of moving toward
equili brium, e.g. by having the bodes in the latter case initially moving on colli sion courses at
abowve-threshald energies, bu thisisjust to replaceone kind o ordered inpu by anather.

13We cdl symmetry-breekingthrough fixation of uncontroll ed variationsviainternal system
dynamics spontaneous for the reason that, athough the order implied by the symmetry-breaing
arisesimmediately out of the system dynamics, it isnot whally controll ed by the system dynamics,
much asaperson’'s gontaneousoutburst isnaot initself deli berate, but norethel essarisesout of their
underlying intentions and personality.
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appropriate correlation with amesh (namely, over alarger hole) into dovnward motion and these
motions are retained and concaenated into sorter-scde order. In the aystal case bondng force
transforms the order in motion correlation into retained bondng which concaenates into a aystal
andalso amplifiesit radiatively toiniti ate other bondngs, ultimately retainingit inthefinal radiation
field. In bah cases the systems passthrough a symmetry-bre&king transiti on which corresponds to
the creaion d order or physicd informationwithin them (Colli er 1996. The winsbegin randomly
positioned, the arrelation function among like wins identicd in al diredions, bu end
asymmetricaly organised verticaly; the moleaules begin likewise but end hexagonally organised.
In bath casestheresulti ng system state dhanges some of itsdynamicd behaviour. The ainswill now
comprise a verticdly organised sequence of masss, ead of a distinctive size, density and total
weight, whereiniti aly they comprised asinglemassof yet diff erent distinctivesize, density andtotal
weight, and these initial and fina arrangements will eat be dcaraderised by a distinctive
gravitational field, rotational inertia and so on,and henceinterad distinctively with ather objeds.
And similarly for the other case. Findly, in bah cases the processis irreversible becaise of
disgpation; the wins disgpate their falling kinetic energy as hea as they bourceto a halt ontheir
mesh and the moleaules dissipate their energy as release of radiation as they bond** All of these
fedures are esential to al organising processs - and thus nore of them distinguishes between re-
and self- organisation.

Consider then what distingui shesbetween the processesin thetwo cases. First, thereisnew cohesion
formed in the aystal case but not in the min case. The new constraints, respedively on the

4| n the reorganising cases the st to system organisation through uravoidable disspative
losses in these processes are typicdly assumed sufficiently small andignored because they do nd
disrupt the reorganising process They may occasion dsruption elsewhere, when ore part of a
system is [aaificed to supfy order to anather, or they may be negligible or non-existent and the
systems be quasi- or strictly conservative, asinreversible momputations (seenate 17and 8V below).
A careful expositionwould also dstinguish systems whose organising processes are ajuili brium-
forming, asinthe aystal case, andthaosethat occur infar-from-equili brium disd pative systems, such
as living and AAA systems (see below). The perfed crystal is a very simple organisation, its
structure doesnat allow new paosshiliti esof self-interadionwithou breaking cohesion (cf. nae 66
and text ), so thereis no ader increase (in the sense of Landsberg, 1984; bath equili brium and
exothermic formation may be sufficient condtions for this organisational simplicity. Certainly, all
living systems and complexly organised designed devices require endahermic formation, and the
crystal quickly goesto an equili brium statethusreducingintropy (systemvariability, see8lV) aimost
immediately, suggesting that equili brium, in contrast to far-from-equili brium stealy state, systems
are degenerate.

Therearenoreversible organising processes proper sincethereisnoincreasein system order, hence
thereisno new organisation without disgpation. In the reversible cae there may be shifts of order
from one part of a system to another and these may mimic an organising of one part, but such
processes can only ever have amisleadingly derivative status with resped to organising processes

proper.
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moleaulesin the aystal matrix and onthe quantain theradiationfield, are eath markedly diff erent
from thase gplying to the unboundmoleaules; the aystal moleaules are now bound together
cohesively into arigid olgea while the radiation gquanta can fredy superpose, neither of which
applies to the movement of the individual freemoleaules. By contrast there ae no rew cohesive
constraints formed in the @in sorting case, bah initialy and finally they simply ad under gravity.
More generaly, a self-organising processis distinguished by the production o order at a higher
constraint level (known as higher order redundancy in the mmmunicaionstheory literature) or the
promotion of order from one @nstraint level to ancther. Second,and correlatively, neither the laws
by which coins are governed na- thase governing the sorter will have dianged in the process bu in
the other casethetwo emergent objeds- crystal andradiationfield - obey correspondngly diff erent
laws from those for free moleaules. In the win case the @in+sorter system uses its existing
dynamicd laws, in interadion with its environment, to reorganise itself withou adding any new
kinds of internal constraintsand hencewithou changing its dynamicd form. By contrast, duingits
organising processthe dhange in laws aaossthe aystal-forming processis a thange in dynamicd
form. Moreover, third, the dhangeinform isquite spedfic: whereasinitsinitial state dl the system
comporents (the moleaules) could in principle interad with ore another so as to form correlated
movements, typicdly time-varying, inthefinal statethemovementsof themoleaulesareinvariantly,
repetiti vely correlated and movementsof individual moleaulesarenat correlated or correl atablewith
the movements of quantain theradiationfield, even when thetwo interad. From asingleinteradive
dynamics the dynamics has bifurcated into a fixed cohesive dynamics plus a ®@lledion d
fluctuations uncorrelated with it. By contrast, there is no such hifurcaionin the win case. Thus,
fourth, in there-organisation casethere isno plresetransition andin the self-organisation case there
is. Fifth, the result of the new cohesionformationisthe wnstruction d anew system level which
filters out fluctuations on smaller scaes. In the aystal case movement fluctuations in individual
moleaulesresulting from interadionwithfield quanta aenat preserved bu disspated asre-radiated
hea from the aystal, the aystal literally averaging acoss sich individual fluctuations becaise of

itscohesion. Thereisnocorrespondng formation d relatively maao scaefiltering inthe win case.
15

Finally, sixth, it follows that in the cae of self-organisation rew kinds of posshiliti eswill emerge
because of the new cohesive level creaed. Thus the system will be charaderised by increasing
degrees of freedom in the relevant respeds. These may be whally new; the wlledion d separated
moleaules hasno degrees of freedom asarigid body (thusfor rigid rotation, sliding, strain andstress
- e.g. when suppating weights, and so on) or as an eledromagnetic wave condwctor (e.g. as a
polariser) whil ethe aystal does. (The mnstraintsare enabli ng, seePatteg 1976 Herfel and Hooker,

15 Notethat thereis norestriction onthe size of theiniti ating fluctuationsin relationto initi al
system scdes, dthough fluctuationswhich aretoosmall may beimpotent andfluctuationswhich are
too large may so dsrupt the system that no adered oucome eventuates. Typicdly, bu not
necessxrily, the variation will be initially on some microscopic scde relative to system cohesion
scde, which will explain why it is nat controlled by the system. Water flowing over a stony river
bed, for example, forms and re-forms ganding waves as small flow fluctuations are anplified and
fixed by the flow.
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1998) Of courseother posshiliti eswill also havebeen surrendered. The wlledion d moleaulescan
disperse, stream and eddy, colled in oddshapes and so on.(Constraints are dso aways disabling.)
Thustherewill be asharp shift in degrees of freedom, a charaderistic of phasetransitions. Inthere-
organisationcasetherewill be nosuch sharp shift sincethe dynamicd form remainsinvariant, there
can only be gradual quantitative dteration d existing degrees of freedom.®

These mntrasts generalise to all cases. All the feaures of self-organisation are present, e.g., in the
paradigm cases of Bénard cdl formation,simemould aggregationand ahersandare dealy absent
from all the cases of re-arranging, sorting and filtering that leave the origina elements and their
interrelations unchanged. To shed home this often mis-understood dstinction, consider the
foll owing subtly different cases. First, a standard leaning system, e.g. a neural net equipped with
some error corredion pocess leans to dscriminate environmental stimuli and povide a
discriminated resporse. Seand, consider the same example, bu now with the net weights
arranged that if they fall i n value below somethreshold they passirreversibly to zero, i.e. to effedive
disconredion!” In bah cases the stimuli are uncontrolled perturbations for the net and
environmental order in the stimuli i sincorporated into system order and leaning will correspondto
increased system organisation. However, in the first case the laws by which the leaning system
works, e.g. neural net node and error corredion rules, will not have atered and al net elements
remain conreded. The interadive system+environment super-system evolves from its initial

condtionunckr itsunchanging dynamicd lawsandenvironmental informationis smply transferred
or copiedinto the system. Intheseandcase, by contrast, the @ll apse of conredions establi shesnew
net-scde constraints which future fluctuations in net values canna disturb, so that this new
constraint formation ads as amaao level filter; the net changes its dynamicd form and so passes

® Thusin the terms of 8IV below, self-organisation creaes a aisp in the Hy,,y curve rather
than the incremental increase of re-organisation. At the same time H,; will also increase, though
more slowly, providing for an increase in order and aganisation.

Y This processis disspative, though orly described formally; in any physicadly redised
version physicd information must be lost to the system in the process Similarly, any physicdly
redised version d thefirst, standard net case would also be disspative, athowgh thisisignoredin
the standard description given (cf. nae 14). If theleaning processisreversiblein thefirst case the
order can only be transferred from, na copied from, the environment. Technicdly, copying is not
necessxily irreversible becaise of the logicd posshbility of reversible cmomputation (Fredkin and
Toffoli, 1982, bu it requires the production d waste memory, required to be kept in reserve to
perform the reversal. When the memory is erased, the reversal beaomesimpossble to perform. In
red cases, thereisnosignificant memory. On the other hand, the posshility of reversible cpying
and then memory erasure that elimi natesthe connedionsrequired to makethe original order shows
that order transfer is passble through irreversible dange as well.
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through a phase transition. In short, in the first case we have leaning through re-organisation and
in the second case we have leaning through self-organisation '8

Sincein all redistic type4 systemsinternal interadions not only suppat creaion and maintenance
of organisation bu also degrade energy and ader (secondlaw of thermodynamics), these systems
need to be cnstantly replenished by an inpu of ordered energy. Their structures and pocesses are
sustained far from thermodynamic equili brium by thisflow. Theriver’ s danding waves, for example,
are sustained by the flow of water downbhill . Where fluctuations are fixated as new structure it will

be this flow which sustains the new dynamic eguili brium. And where micro fluctuations are
amplified to maao scde, it will be thisflow which utimately supgiesthe energy and ader to do
s0. Thustype 4 systems are of nomic necessty far from equili brium disgpative systems driven and
stabili sed by external ordered energy flows(Prigogine, 1980, 1984Nicoli sandPrigogine, 1977) and
exhibit spatio-temporally distributed (i.e. “global”, or “hdlistic”) constraints on their behaviour.*®

We know that these cndtions govern the physiologicd processes that underlie typicd living
systems, all of whichare AAA . Conversely, ead of the AAA capadti esrequirestype4 endogenous
organised complexity. Processcortrol inautonamous s/stems, wenoted, istypicdl y complex, ading
aaoss many different dynamica timescdes and requiring coherent adivation and moduation
(including nested sequencing) of subsidiary processes, which in turn requires complex endagenous
organisation. Anticipatory systems must be cmmplex and aganised to be életorespondseledively
anddifferentiall y to stimuli so astolikely produce astate of their environment that would atherwise

18 Although the distinction between re- and self- organisation seems clea-cut, subtleissies
ariseinitsapplicaion kecauseof theinternal compli caednessof li ving systems. Someof thesehave
beainitialy exploredin Colli er 1986.Consider, e.g., a thangewhich all owsmerely moleaular DNA
informationto beaome geneticinformation by aaquiring regulatory or expressve function (or, more
variably, old genetic informationto acquire new regulatory function), or which all ows genesthat are
nat phenotypicdly expressed for developmenta reasons to beawme caable of phenotypic
expresson, thus being ‘ promoted’ from genetic information to phenotypic information. If these
changes are analogous to the addition d new like moleaules to the establi shed crystal structurein
the crystal-forming case they canna be daimed to creae anew cohesive level with new maao
filtering, but if they are analogous to the aldition d impuritieswhose mnsequenceisto changethe
crystal structureradicaly enough (say, introducenew moduar regional sub-structures) thenthey can
claim to be self-organisation. How much genetic and prenatypic change is enough to make gooda
claim for self-organisation? Though we beli evethat principled answersare dwaysavail ablefor such
questions, answerswhichill uminate pred sely where cohesion operates, how autonamy isorganised,
and so on,ead case must be caefully analysed before adedasion can be readed.

9 This last charaderistic has been cdled downward causation (Campbell, 1974, Sperry,
1983. See &so nae23andtext. For anintroductionto far-from-equili brium disg pative systems ®e
Prigogine, 1961, 1980, Nicolis and Prigogine, 1977,and for self-organising systems se eg.
Prigogine and Stengers, 1984.
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be unlikely (roughly, that state most advantageous to the suppat of their autonamy). And
adaptiveness espedally adaptabilit y, also requires anticipative wntrol over internal processes and
behaviour, again requiring organised complexity. (This organisation could be of the sort foundin
type 3 systems, i.e. eff edively pre-programmed matching and seledion using huge “lookuptables’,
so to spek; however in ou evolutionary world it isessentialy absent short of human techndogicd
design.) Thus the confirming evidencefor the ideathat organised complexity is required by AAA
systemsis grong.?°

Type 4 systems are not maximally complex, nar are they maximally ordered. All other things being
equal, ided gasesand perfed crystalsrespedively takethe complexity and ader kudos. Complexity
and order are necessary to type 4 systems but nat in themselves desirable. Complexity per seisa
liability for highly organised, integrated systems because it adds to their endagenous coordination
costs. Order per seis not desirable because the strongest forms of order are too constraining to be
compatible with the kind d organised flexibility a type 4 system, espedaly a AAA system, must
show to remain viable. To understandtype4 systems, we need instead to understandthe significance
of their kind d organisation and aganising processs, espedally self-organisation.

Anather significant charaderistic of type 4 systems has baoth adiadronic, or generative asped, and
a synchronic, or structural asped. The AAA systems with which we ae familiar have dl evolved
from simpler forms, and producethemselvesfrom simpler, inherited material . Various evolutionary
theorists have suggested medhanisms by which historicd devel opments constrain further evolution
and development. The process has been called coewlutionary adagation (Dawkins, 1987,
candi zation (Waddington, 1966, generativeentrenchment (Wimsatt and Schanck, 1988 Schanck
and Wimsatt, 1987, and the self production d historical constraints (Brooks and Wiley, 1988,
depending ontheoreticd framework. Similarly, physiologicd development involves a progressve
constraining of later development, espedally in maturity and senescence (Sathe, 1993 Colli er et
a, 1997. Andthe same ideais commonin theories of cogniti ve development.?*

“Moreover, AAA systemsmust have an autonamous organisational form. Thisorganisation
could befoundintype 3 systems, viz. preprogrammed matching and seleding using “lookuptables’;
however for clea, if deg, evolutionary reasonsin ou evolutionary world it is not foundexcept in
human techndogicd design. Moreno and Ruiz-Mirazo (1999 reinforce our conception with their
study of formali sed versusred dynamicd metabali sms. They emphasisethat dynamicd metabali sms
are thermodynamic processes that canna be full y captured in formal nations like processclosure,
andthat AA A dynamicd posshiliti es, such asself-organisation, thereby eludeformal cgpture. Strong
artificia intelligence models are similar to the win sorting case; they only reorganise, na self-
organise.

21 Cf. e.g. Hooker 1994, 1995 on Piaget. From this perspedive it is an empiricd question
how distinct evolutionand devel opment processesare andsome mntemporary evolutionary theorists
seeevolution and development as only conceptualy distinct. There ae many red world cases that
have elementsof bath, andin many of these self-organi sationevidently playsanimportant role (note
72andBrooksandWil ey, 1988 Kauff man, 1993 Salthe, 1993 Caolli er, Bannerjee aadDyck, 1997.
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Much of the language used to describe historicd constraints uses depth metaphas: levels,
entrenchment, canali zation, stages. Earlier historicd constraints are buried deeper, and are harder
to change withou being lethal. Thisisrefleaed structurally in the way that some ealier constraints
creae complex interdependencies in later developments. For example, the surfacestructure of an
organism, its phenatype, is constrained na only by the need to make the various parts fit together,
but aso by the need to generate the phenotype from superficially simpler forms (its genatype and
basic metabolism). The same demicds, for example hormones and reurotransmitters, can have
vastly different functions in dfferent cdls and agans, bu the overall regulation is inevitably
interconreded. This rt of degoly coordinated structure is quickly recognised as “organic”.

We emphasise that in all these caes the whesive onstraints are dynamicadly red, they arise from
the adual dynamicd interadions of the system comporents, and orce formed they genuinely
constrainthe behaviours of thase mmporents. The moleaular interadionsthat makefor arigid, non
conduwcting wooden table aedynamicdly diff erent from thasethat makefor amall eeble amnducting
copper wire and so placedifferent constraints on their comporent nuclel and eledrons. These
constraints are neither mere patterns, epiphenomenal, or observer relative.?> Moreover, they deliver
the kind d organised complexity that prevents our ever obtaining simple models of these systems.
The kinds of changes charaderising self-organisation, e.g., where there is an inter-play between
relatively micro level dynamics and relatively marco filtering formation, presents cases of
simultaneous*bottomup’ and*top dovn’ causal i nfluences (better: interadive wnstraint formation)
andwedo nd asyet have, and may never have, satisfying mathematica models of such processes.?
We turn instead to the development of analyses that throw useful light on these inherently
complicated, bu ubiquitous and important, systems.

[l . Informational Complexity

To uncerstand the kind o organised complexity required for AAA systems requires a mmon
formal language that can make rigorous sense of the nations of complexity, organisation, depth,
entrenchment, canali zation and constraint. None of these nationsisin itself dynamicd; they are &

Intellecual development need na be under either genetic or environmental control, nar need it be
asimple sum of thetwo (Christensen and Hooker, 199'4), something Piaget constantly emphasised
but is gill amatter of controversy (e.g. Sterelny, Smith and Dickison, 1996.

2 See &s0 naes 34 and 41.0f course, which system aspeds we dhocse to model on any
given occasionisour choice- but the model's domain of empiricd adequagy is nat.

%3 |In the cae of Bénard cdl formation, e.g., we only have models which will predict the
existence of the processbecause of the breakdown of stabilit y condtions (seeCalli er, Banerjee and
Dyck, 1997 for expaosition) and Garfinkel, 1987, povides a detail ed and insightful analysis of the
comparable modelli ng problems arising in the cae of imemould aggregation. Herfel and Hooker
1998generali sethisanalysis, in particular seenginit anexplanation d why understanding scientific
revolutions, modell ed as sif-organising commitment phase dianges, areimpaossbleto understand
in terms of simple rational rules.
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best abstradions from their underlying dynamics. The language must have a dynamicd
interpretation, i.e. a dea definition d nondynamicd notions in terms of dynamicd concepts.
Idedly, the definitions sioud alow us to measure, or determine from measurable quantiti es, the
amourt of complexity, organisation, degpth, and so on.The only language that is both broad enough
and rigorous enough to dothe jobisinformation theory.

Complexity has proven dfficult to define. Different investigators, even in the same fields, use
different nations.?* The Latin word means “to mutually entwine or pled or weave together”. In the
clothing industry onefold (e.g. in aplea) isasimplex whil e multi plefolds are acomplex The most
fundamental type of complexity is informationad complexty. It is fundamental in the sense that
anything that iscomplex in any other way must also beinformationally complex. A complex objed
requires more information to spedfy than a simple one. Even the sartorial origins of the word
ill ustratethisrelation: a wmplex plea requiresmoreinformationto speadfy thanasimplex, onremust
spedfy at least that thefoldsarein a cetain multi ple, so arepea spedficaionisrequired in addition
tothe “producefold” spedfications. Further informationmight berequired to speafy any diff erences
among the folds, and their relations to ead ather.

The size of a structure (defined, for example, in terms of the sum of the number of its nodes or
elements that have values and the number of the particular value relations among nodes) is not a
goodguidetoitsinformational complexity. Two structures of the same size or made from the same
comporents might have very different informational complexitiesif one of the structures is much
more regular than the other. For example, aframe abe and a spatial structure cmpaosed of eight
irregularly placed nodeswith straight line cnredions between eat node may encompassthe same
volume with the same number of componrents, bu the regularity of the aibe reduces the anourt of
informationrequired to spedfy it. Thisinformationreductionresultsfrom the mutual constraintson
valuesin the system implied by the regularitiesin the aibe—all the sides, angles and noas must be
the same. This redundancy reduces the anourt of informationrequired in aprogram that drawsthe
cube over that required by aprogram that drawsthe abitrary eight node shape. Simil arly, asequence
of 32*'7 srequires a shorter program to produce (namely one spedfying 5 doubings of an initial
output of ‘7’) than daes an arbitrary sequence of deamal digits. To take alessobvious case, any
spedfic sequence of digits in the expansion d the transcendental number «=3.14159...can be
produced with arelatively short program, despite the gpparent randamnessof expansions of . The
information required to urambiguouwsly describe cetain types of structures can be compressed duwe
to the reduncant information they contain; other structures can na be so compressed. Thisis a
property of the cnstraints contained in the structures, na diredly of any particular description o
the structures, or language used for description.

The informational complexity of astructure s can be given apredse, mathematicd definition: Let
s be mapped isomorphicdly onto some binary string : . (so that sand only s can be recvered from
theinverse mapping), then theinformational complexity of sisthelengthin bitsof the shortest self-
delimiti ng computer program that produces : ; minus any computational overhead required to run

24 Seth Lloyd has compil ed 31waysto define complexity (JohnHargan, 1995.
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the program, i.e. C, = length(: o) - O(1). The first (positive) part of this measure is often cdled
algorithmic complexty, though it isalso cdled computational complexity, or Kolmogorov/Chaitin
complexity. Thesecond part of themeasure, O(1), isa mnstant (order of magnitude 1) representing
the computational overhead requiredto producethestring: % Thisisthe complexity of the program
that computes: .. It ismadinedependent, bu can bereduced to an arbitrarily small value, mitigating
the machine dependence?®. We deduct it to define the informational complexity becaise wewant a
machine independent measure that is diredly numericaly comparable to Shannoninformation?,
permitting a rigorous formal identification d algorithmic complexity and combinatorial and
probabili stic measures of information. A nealy complete proof of the interchangeability of the
diff erent concepts of informationisgiven by Ingarden et a (199Q 25ff —the proof lads an expli cit
derivation of the dgorithmic formulation d information). They argue, and we ayree that thereis

*Thelabel ‘ computational complexity’ issomewhat misleading sincethere aeother notions
of computational difficulty that might be cdl ed complexity, in particular the space i.e. memory, and
time resources, required for a computation. In any event, onthe origina definition length(. ) =
min{|p|: p {0,1}* & M(p)=: ¢ =min{|p[: p {0,1}* & f(p) = s}, |p| being the length of p, whichis
abinary string (i.e. p {0,1}*, theset of al strings formed from the dements 1 and 0, and M being
aspedfic Turing madiine, andf being the deading functionto recver : from p andthen sfrom
1 ¢ This definition requires an O(logn) corredion for a number of standard information theoretic
functions. A newer definition, naw standard, setslength(. ) to bethe inpu of the shortest program
to produce: (for aself-delimited referenceuniversal Turing madine. Thisapproad avoidsO(logn)
corredions in most cases, and also makes the relation ketween complexity and randamnessmore
dired.

% For atechnicd review of thelogic of agorithmic complexity andrelated concepts, see(Li
andVitanyi, 1990. The mmplexity of aprogram isitself amatter for algorithmic complexity theory.
Sinceauniversal Turing macdiine can dugicae eat program on any other Turing madine, there
isapartia reaursive function f, for which the dgorithmic complexity is lessthan or equal to the
agorithmic complexity, plus a mnstant invalving the cmputational overhead of dugdicaing the
particular M, cdculated using any other f. Thisis cdled the Invariance Theorem, a fundamental
result of algorithmic complexity theory. Since there is a dea sense in which f, is optimal, the
Invariance Theorem justifies ignoring the language dependence of length(: ) (but see previous
footnaote). String maps of highly complex structures can be computed, in general, with the same
computational overhead as those of simple structures (the mmputational overheal is nealy
constant), so for complex structures (large C,) the negative cmporent of informational complexity
isnegligible. Furthermore, in comparisonsof algorithmic complexity, the overhead dropsout except
for a very small part required to make mmparisons of complexity (even this drops out in
comparisons of comparisonsof complexity), sotherelative dgorithmic complexity isalmost adired
measure of the relative informational complexity.

2’ Thisisin contrast to its only being comparable via crrespondencein the infinite limit,
which is the only case in which the mmputational overhead, being a constant, is infinitesimal in
propartion, Kolmogorov, 1968 Li and Vitanyi, 1990,and is therefore strictly negligible.
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only oneunderlying notion d syntadic or formal information.Wehold that thisnationisultimately
based in the cgadty to make distinctions (seenext sedion onwork capadty, espeaally the sorting
example).

All noncomputable strings are dgorithmicdly randam (Li and Vitanyi, 1990. They canna be
compresd, by definition; so they contain no detedable overall order, and cannat be distinguished
from random strings by any effedive statistica test. Thisnotion o randamnesscan be generali sed
to finite strings with the nation d effediverandamnness astring is effedively randam if it canna
be compressed. Randam strings do nd contain information in ealier parts of the sequence that
determinesin any way |ater members of the sequence(or e sethey could be mmpressed).? Thusany
system whose trgjedory cannd be spedfied in a way that can be compressed is dynamicaly
disorganised. It canna anticipate, control, or show any other feaures of function, except
coincidentally.

V. The Negentropy Principle of Information

To conred information theory to dynamics, it isuseful to define the nations of order and dsorder
inaphysicd system in terms of informational complexity. The concept of disorder is conreded to
the concept of entropy, which hasits origins in thermodynamics, bu is now largely explained via
statisticad medanics. The statisticd nation d entropy has al owed the extension d the cncept in
a number of diredions, diredions that don't aways st happily with ead ather. In particular, the
entropy in mathematicd communicaions theory (Shannonand Weaver, 1949, identified with
information, shoud na be mnfused with physica entropy®®. Incompatibiliti es between formal

%8 The onwerseisnat true. Arbitrarily long substrings of non-computable strings (and, for
that matter, incompressble finite strings) can be highly ordered, and therefore cmmputable, but the
locaion and length of these highly ordered sub-strings cannot be predicted from ealier or later
elements in the string. In general, the incompresshility of a string does not imply the
incompresshility of its substrings. Sinceit is possble to change an effedively randam string into
acompressblestring with the dhange of one digit andyet, intuiti vely, the dhange of onedigit shoud
nat affed whether astring is randam, randaomnessof finite strings of length nisloosely defined as
incompresshbility within O(logn) (Li and Vitanyi, 1990 201). By far the greatest propation o
strings are randam and in the infinite case the set of randam strings has measure 1. It is also worth
nating that there aeinfinite binary strings whose frequency of 1sinthelong runis.5, even though
the strings are wmpressble, e.g. an aternation d 1sand Gs. These strings fail the unpredictability
test (see dowe). If probability requires randamness probability is not identicd to frequency in the
long run. It seemsunreasonable, e.g. to assgn .5to probability of al at agiven pant in the sequence
because the frequency of 1sin the long runis .5, if the chance of getting a1 at any paint in the
sequence ca be determined exadly to be 1 o O.

29 Shannonentropy can bereduced by apassvefilter; thisisimpossblefor the entropy used
in physics (Brillouin, 1962 161). Shannoris use of “entropy” has caused more cnfusion for
studentsin the field than any event sinceClausius' victory over Tait. See however, Ingarden, etal .,
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mathematica conceptions of entropy and the thermodynamic entropy of physics have the patential
to cause much confusion over what applicaions of the cncepts of entropy and information are
proper (e.g. Wicken, 1987 Brookset al, 1989%*. Oneway to control such problemsisto restrict the
use of the mncepts of entropy and information, respedively, to the thermodynamic and
communicaionsredm (Denbigh and Denbigh, 1985, kegping their quantitative budgets sparate,
so that no conflict can arise. This move, though, can olscure interesting relations between the
entropy and information budyets, and also prevents an ill uminating unificalion d their respedive
theories, which might permit extension d the joint conceptsto new areas.®

We prefer to adopt the interpretive heuristic known as the Negentropy Principle of Information
(NPI), acording to which theinformationin aspedfic state of aphysicd system isameasure of the
cgpadty of the system inthat stateto dowork (Schrgdinger, 1944 Brill ouin, 1962 153), wherework
is defined as the gplicaion d a norrinertial force in a spedfic diredion, through a spedfic
distance:* Throughthisconredionwithwork, NPI tiesinformation,and hence mmplexity and ader
as well as the mncepts of constraint, sorting and seledion required to understand regulation and
control, to dynamica concepts (e.g., seethe sorting and stean engine examples below, and the
discusson of constraints, including regulation and control, in 8VIII). NPI implies that physical
information (Brillouin, 1963 has the oppasite sign to physicd entropy*®, and represents the

1997 18, for adifferent view of the relation ketween Shannonentropy and plysicd entropy.

% The monfusions and resulting disputes are over definitions of terms, bu to view them as
merely definitional obscures the substantive isaues involved, namely, the relation d information
theory to physicd theory, and all that it implies abou the nature of computation and ptysicd
dynamics.

3L A different, but still conservative goproad, isto compare the budgets qualit atively, but to
avoid diredly unifying the mnceptsor extending the cmnceptsin any way (Wicken, 1987 Schneider
and Kay, 1997. Tom Schneider’s (1995 quantitative unification d the information and entropy
budgetsis conservative initsrgedion d conceptual unificaion and any consequent posshility of
conceptual extension.

32 This definition is more spedfic than the standard definition of work in equili brium
thermodynamics, in which work is a force gplied through a distance Requiring a vedor is
ressonable, sinceundreded force can na redly dowork. However, this changes the units of work,
sinceenergy isnot avedor. Interestingly, Schrédinger (1944 saysthat hewould have used exe gy,
the measure of energy avail able in a system to dowork, to groundNPI, except that energy already
had spedfic asciationsthat might be cnfusing, so heused negentropy instead. Thisisremarkable,
since ergy and entropy do nd have the same dimensions.

3 Our statement here involves ssme stylisticdly sensitive matters. Brill ouin (1962 152
refersto physicd information as boundinformation bu, in thelight of the later distinction ketween
intropy and enformation (seebelow), we will avoid thisterm (sincein ore obvious snse intropy,
being unconstrained by the system, isnot bound. Brill ouin defines boundinformation as a spedal
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diff erence between the maximal possble entropy of the system (its entropy at equili brium with its
environment, assumed atherwiseunchanged, after all cohesive anstraintsinternal tothe system have
been removed) and the adual entropy, i.e. 1,= Hyax®™ 5 - Haer ™ F o o E the environment, C
the constraints. The adual entropy, H,cr, is a spedfic physicd vaue that can in principle be
measured diredly (Atkins, 1994, while the maximal entropy, H,,.x, Of the system is aso unque,
since it is a fundamental principle of equili brium thermodynamics that the order of removal of
constraints doesnat aff ed thevalue of the state variablesat equili brium (Kestin, 196§. Thisimplies
that the equili brium state contains no traceof the history of the system, bu is determined entirely
by synchronic boundary condtions. Physicd information, then, is a unique measure of the anourt
of form, order or regularity in the physicd system. Itsvalueis nonzero ony if the system isnat at
equili brium with itsenvironment. It isfundamentall y ameasure of the deviation d the system from
that equili brium. It isimportant to remember that the Negentropy Principle of Information (NPI) is
a heuristic physicd principle, na a forma or operational definition and, given the aurrent
proliferationformali smsfor entropy andinformation, it needsto beinterpreted as appropriate for a
given formalism and for agiven physicd system andits environment.®*

case of freeinformation, which is abstrad, and takes no regard of the physicd significance of

possblecases. By contrast, wewould say that boundinformation accurswhenthepossble caescan
be regarded as the complexions of asingle physicd system. We may consider algorithmic bound
information as an extension d this idearequiring that the strings of binary digits representing the
informationareisomorphic mappings of physica structures, where dternate physicaly permissble
structures are the relevant complexions. This definition also has the mnsequencethat the physicd

interpretation of the two formulations of physicd informationare nat only mathematicaly, bu also
physicdly, equivaent. Thebasisof themathematicd equival encewas propased by Kolmogorov, but
given by Ingarden, etal., 1997 25ff. Althowgh physical entropy and plysicd information are
complementary, and hence oppasite in sign, they measure the same fundamental physicd nation,
henceouwr apparent diff erencewith Ingarden et al isamatter of presentationrather than asubstantive
difference This gylistic difference has caused some confusionin the past about the interpretation
of NPI, espedally as used by Brill ouin. It is important to recognise that there is no uncrlying
differenceof fad.

3 With resped to the need tointerpret the principlein relationto the system and environment
under consideration, the situation is exadly parall elled by that for energy and momentum. Energy
formsarespedfictoead system- eledricd circuits dore andcondict el edricd energy but radiation
andthermal energy aretypicdly ignored, urlessthe system includeslight bulbs, eledrolysisandthe
like, whil ethe potential energy in spring extensionisof aquitedifferent charader tothat in chemicd
density and cgpadtance voltage, and so on. Potential energy is determined relative to a spedfic
environment, e.g the potential energy of an oljed at temperature T depends on the temperature of
its surrounds, the kinetic energy of a particle is afunction of its velocity which must be speafied
relativeto aframe of reference In ou case, by referring information to the system environment we
avoid the neead to define some asolutereferencepoint where dl constraints of any kindarerelaxed,
which isnot obviously awell defined condtion. (While mnservative systems might suppat some
such nation as energy of separation d system comporents to infinity, thisis nat obviously well
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On the other hand, NPI has ome of the formal properties of a definition, sinceit determines how
termslike entropy andinformationareto be used in aphysicd context. Asin mathematics, central
definitionsinempiricd theory shoud be suppated with an existenceproof. Thisisdoneby showing
that violating the definition would violate known observations (Mad, 1960 264). If we asssume
NP, then reliable production a reproduction o one bit of information requires adegradation o at
least KTIn2 exergy (avail able energy), where k is Boltzmann©sonstant in a purely numericd form
(Brillouin, 1962 3), and T is temperature measured in energy units. This relation must hold, o
Maxwell©s demon will come to haunt us, and the Second Law of Thermodynamics will come
tumbling down®. NPI is empiricaly justified; we know, for example, that violation d NPI, which
would amourt to using information to reducethe entropy of an isolated system, violates our most
common experiences. NPI implies that a bit of information can be identified with the minute but
non-negligible physicd valuekin2andthat itstransfer from one system or part of asystem to anather
will requirethetransfer of at least KTIn2 exergy (i.e. entropy change =-(information change) = hea
change/T, KTIn2/T in this case, whence hea change = maximum work dore =-T(information
change); seeBrill ouin, 1962for detail s). Thisgives us a quantitative physicd measure of form that
isdiredly related to exergy and entropy, the central conceptsin norrequili brium processes. These
relations allow us to study complexity changes in physicad processes, and permit principled
extensions of the ancepts of entropy and information.

Totake asimple example, imaginethat we start with a cntainer of m*“red” and n“white” moleaules
inanided gas at equili brium, S,, andit endsupin astate, S;, in which all the red moleaulesare on
theright side of the mntainer, and the white moleaules are onthe left side, so that we could move
africtionless green into the cntainer to completely separate the red and white moleaules withou
doing any additional work. The entropy of S;is-* P,kinP,, andthe entropy of S, is-* P,kinP,, where
P, istheinverse of the number of complexionsintheinitia state, and P, istheinverse of the number
of complexionsinthefinal state. Simplifying again, assuumethe m=n= 1%, Thenthe entropy of the
final stateisobviously 0, sincethereisonly onepasshility, inwhichthered moleauleisontheright,
and the white moleaule is on the left, so P, = 1. The entropy of the initial state is higher: bath

defined when nonlinea intra- and inter- interadions are involved.) And just as there ae very
different formulaefor al these forms of potential energy in different systems, so too are there for
forms of entropy and information. But whereas all these formulations can be uniquely conneded
through the principles of energy conservation (and simil arly for momentum), there is currently no
equivalent uniquenessadievablewith formali smsfor entropy andinformation. Perhapsa canoncd
version d NPI that can be gplied more or lessmedanicdly will emerge some day, and Ingarden
etal. 1997represents progresshere, bu with the proliferation d disparate “entropies’ and versions
of information currently afoat, thisis unlikely to happen soon.

% There ae strong reasonsto believe that thisislogicaly impossblein aphysicdist world
(Coalli er, 19900.

¥ Thisisnot quite a smple a Szill ard’ s case (seeBrill ouin, 1962 176f), which usesonly
one moleaule!

Page 23



moleaules can be ather ontheright or theleft, or there can be ared ontheleft or ared ontheright,
giving four distinct posghbiliti es, and P, = %4. 1f weknow that the system isin S;, we have 2 hitsmore
informationthan if we knew merely that it wasin S,. For example, we might have the information
that notwo moleaules are on the same side, and that a red moleaule is on the right, requiring two
binary discriminations. To slide the screen in at an appropriate time, we neal the information that
the system isin S, i.e. we ned the information dfference between S, and S;. This is exadly
equivalent to the minimum entropy produced in a physicd processthat moves the system from S,
to S;, ascan beseen by setting kto 1,and using base 2 logarithmsto get the entropy in bits. To move
the system from S, to S;, then, requires at least 2T work. Thisis a very small amount; the a¢ual
work inpu would be larger to cover any energy stored and/or disspated. Alternatively, asystem in
S, can doat most 2T work beforeit has disspated al it s avail able energy from this urce Putting
thisin ather words, the system can make & most two hinary distinctions, ascan be seen by reversing
the process’. Thesetwo hits measure the maximal controlli ng potential of the system: implemented
asa oontroller, controlli ng either itself or ancther system, the system could function as at most two
binary switches. Calculating the physica informationfor ead casefrom thedefinitionabowve, I(S;)
= 0,whilel(S)) = 2. Asit shoud, the diff erencegives us the anourt of information lost or gained
in going from one state to the other. A number of yeas ago it was confirmed that the entropy
production of the kidneys above what could be &tributed to the basal metabalism of itscdls, could
be attributed to the entropy produced in sorting moleaulesfor elimination. Presumably, more subtle
measurements would confirm a physicd redisation d our example.

The relations between information and work capadty are somewhat subtle, sincethey invave the
corred applicaion d NPI, whichisnot yet a canonicd part of physics. The physicd informationin
a given system state, its cgpadty to do work, bregs into two comporents, ore which is not
constrained by the ahesionin the system, and orewhichis. Theformer, cdledintropy, , isdefined
by (E= Gfexergy)/T, so that , TEEmeasures the avail able energy to dowork, whil e the latter, cdled
enformation, o, measuresthe structural constraintsinternal to the system that can guide energy to do

3" NPI is assumed throughou, as is the impossbility of a Maxwellian demon (Brill ouin,
1962 Bennett, 1982 Caoallier, 1990h. Szill ard’s origina argument makes the cnredion to work
more obvous by using amoleaule pushing ona g/linder in apiston, bu more general arguments by
Bennett and Colli er examine (in dfferent ways) the computational problem the demonis suppased
to solve. The wnredion to work is implied by thermodynamics and NPI. Szillard used
thermodynamics explicitly, bu NPI only impli citly, which meant that his exorcism of the demon
could not be general. Denbigh and Denbigh (1985 argue that informationis not required for the
exorcism, sincethermodynamics can be used in ead1 instance It seemsto have escgped them that
proving this requires smething at least as 4rong as NPI. The problem of Maxwell’s demon is
espedaly important because it forces us to be eplicit abou the relations between mental and
physicd adivity. A demon that could store information in some non-physicd form could perform
its sorting job (Collier, 198&).
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work. Intropy measures the ordered energy which isnot controll ed by cohesive system processes,
i.e. by system laws, it isunconstrained and hencefreeto dowork. For this reason, though ordered,
both intropy and exergy are system statisticd properties in this snse: their condtion canna be
computed from the ahesive or constrained system state, the ahesive state information determines
the micro state underlying the intropy only up to an ensemble of intropy-equivalent micro-states.
There is another system statisticd quantity, entropy, H but it is completely disordered or randam,
it canna be finitely computed from any finite system information3 Entropy is expressed by
equiprobable states, hence gpeas as hea and hes no cgpadty to dowork, relative to the system
constraints for which it is defined;, H = @)/T, where Q is hed, and , TAE measures hed.

38 SeeColli er 1990, For endathermicaly produced systems S (e.g. smelted sted objeds)
when enformation decgys additional energy will be obtained from S asthe whesive wnstraintson
Sarerelaxed ar disrupted. Thisprocesscan be accéerated through the aldition d triggering energy
(e.g. ignitionin chemicd or nuclea processes), bu will occur eventually if we wait long enough,
and the temperature is above asolute zero. The released energy will be, TG, and will eventually
degradeinto hed, indicating that decg/ing enformationisaform of intropy. There may be caesin
which enformation remains even at equili brium, such as enformation produced by an exothermic
process in such cases the enformation canna decay, andis energeticdly inaccessble. A possble
example is the enformation in all the protons of the universe, assuming protons do nd decay
sportaneously, and that there is an insufficient supdy of antiprotons or patential antiprotons to
annihilate al of them. This would sean to include there remaining enformation even at absolute
zero, raising interesting, urnresolved issles abou the status of the so-cdled Zeroth Law of
thermodynamics, which we do nd pursue here.

39 Sinceone obviousinformation besisto consider isa ammplete microscopic description o
a system, we note that behind this gatement lies the vexed isaue of a principled resolution d the
relations between statisticad medhanics and thermodynamics that respeds the irreversibility of the
latter despitethereversibility of theformer. Whil e we think that the analyses off ered here represent
asmall step toward greaer clarity abou this complex isaue, we do nd pursue thisissle here.
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Enformation is required for work to be acomplished, since unguided energy canna do work.*
Intropy isrequired for work in dsspative systems, to balance disspation (Hproduction).

Consider, for example, asystem Swith hea Q asitsonly unconstrained energy. If Sisat equili brium
then the only enformationis the existence of a system temperature (ncot that it is of some spedfic
value T), for only that follows from the system constraints, and = 0 and Q is entropic since Q
canna do work on S. If S nomicdly maintains an interna temperature gradient G then G is
enformationfor Ssinceit canna bereleased to dowork withou first altering the mwhesive structures
of S. If Gisunconstrained by S then G expresses intropy in Ssince G is an ordering of the hea
energy andwork can be dorein S because of G. (Infaa Swill disgpate G, creding entropy, urtil
equili brium isreaded.) Further, naethat if S, even if at internal equili brium with G = 0, is made
part of a larger system S1where it is in contad with another sub-system P of Sl at a lower
temperature, then thereisnow anew temperature gradient Glunconstrained by S1so Swill dowork
on P with hed flowing between them until equili brium is reated (G1= 0) at some intermediate
temperature; hence Glisintropic in Sleven though S has nointropy and S's temperature, which

“0 Archimedes|ever with which he auld movetheworld, like any other machine, must have
aspedfic form: it must berigid, it must be long enough, there must be a fixed fulcrum, and there
must be aforce goplied in the right diredion. If any of these aelading, the lever would na work.
No amourt of energy applied withou regard to the form in which it is applied can dowork, except
by acddent. Colli er (19907 who introduced the intropy/enformation dstinction, dd na provide a
differential form for enformation, urikeintropy andentropy. Thereseansno principled reasonwhy
adifferential form could na be introduced bu it would be of duhious relevance since, urike the
latter, it is not intrinsicaly a thermodynamic property of an ensemble. It has been naed (Colli er,
199() that the statisticd measureismost suited to situationswheretheinformationis gedfied over
an ensemble, whil ethe complexity measureisbest suited to single caes. We can accesstheintropy
only by measuring changes of state (since we caana diredly measure the comporents of the
ensembles, most being imaginary), bu we can determine the enformation dredly from the state.
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servesin part to determine G1, isenformationin S.** These analyses cary over to all other physicd
forms of energy.

The main dfference between intropy and enformation is the spatial and temporal scde of the
dynamicd processesthat underli ethem®. Thedynamicsunderlyingintropy have ascaesmall er than
that of thewha esystem, andinvolvenolong term or spatiall y extended constraints except thasethat
govern the system as a whade, which in turn constitute the system enformation. The intropy of a
system Sisby definitionequal to the diff erencebetween S sadual entropy andits maximal entropy
when exergy has been fully disspated (given enformationinvariant, i.e. S's constraints remaining
unchanged, and environment invariant); S0, =1 = Hyax (9™ & o ¢ = Hacr (9™ & ore - ThE
enformation is just the alditional information equal to the difference between H,(S) and the
entropy of the set of system comporentsthat result whenthe amnstraintsonSarefully disspated and
S comes to equili brium with its environment (assumed to remain aherwise invariant); o =1 =
Huax(S)™ & - Hyax(S)*™ & o o Note that 15(S) = + 0 = Hyax(S)*™ & - Haer ()™ & (. c 88
required by NPI. This is perhaps more dea with an example. A steam engine has an intropy
determined by the thermodynamic potential generated in its eam generator, dueto the temperature
and presaure diff erences between the generator and the condenser. Unlessexergy is applied to the
generator, theintropy drops asthe engine does work, and the generator and condenser temperatures
and presaures gradually equili brate with ead ather. The enformation d the engineisits gructural
design, which guidesthe steam and the pistonthe steam pushesto dowork. The design confinesthe

“IThereisnathing arbitrary about these system-rel ative distinctions, eadisgrounced inthe
system dynamics. Relational properties, likeintropy, entropy and enformation, recessarily produce
relativised applications aaossrelationaly distinct contexts, e.g. S and Sl here, and it is an error
(albeit a ammon ore) to equate this to relativism, which isthe dsenceof any principled basis for
distinguishing conflicting claims across contexts. Also, in the presence of system-relative
distinctions, some mistake our free toiceof which system to model, e.g. Sor S], for anidedist or
subjedivist comporent to system dynamics itself, negleding the objedive dynamicd grounds for
relative attributions. Salthe (1985, 1993and Kampis (1991), for example, bah sean to make this
mistake. Posgbly it can betracel bad to Ashby. Finally, one can change arelational property of a
system by re-relating system comporents, i.e. withou bringing anything new into the system, bu
onecanna dothiswith nonrelational properties, a dhangeinthaose dtersat least the quantity of their
kind of ‘ stuff” . For thisreasonit can be mislealing to spe& of creaing or transforming relational
properties, but where system-rel ative distinctions are grounded in the system dynamicsthe usageis
aprincipled ore and where wntext is clea no ambiguity shoud result. Thus we say, for example,
that conneding Sto P creaesthe Slintropy expressed by Glbecaisethereisaprincipled dynamicd
difference between S, P mutually isolated and S, P physicdly conreded in away that all ows hea
transfer (and the particular way conneded also matters for the resulti ng processdynamics).

“2 All enformation except perhaps the enformation in some fundamental particles, like
protons, will eventually decay, which means that at some temporal scde dl, or at least most,
enformation behaves as intropy (note 38). The scde is st by natural properties of the system in
question. Spedficdly, the extent of the mwhesion d the system implies anatural scde.

Page 27



steam and the piston in aregular way over time and dace If the engine rusts into urremverable
waste, its enformationis completely gone (asisitsintropy, which can nolonger be mntained), and
it has become one with its supersystem, i.e. its surroundngs. Such islife.

Asnaed, NPl allows usto dvide aphysicd system into aregular, ordered part, represented by the
physicd information d thesystem,i.e.l,= +o. =1 +1,andarandam, disordered part, represented
by the system entropy H The orderednessof the system is its information content divided by the
equili brium (i.e. maximal) entropy, i.e.; O = I/H,, Ay, Whil ethe disorderednessis the adual entropy
divided by the equili brium entropy, i.e. D = H,/Hyax (Layzer, 1975 Landsberg, 1984; it foll ows
from NPI that O+D = 1. The informational complexity of the informationin the system, C, (Iy), is
equal totheinformationrequired to distinguish the maaostate of the system from other maaostates
of the system, and from those of al other systems made from the same comporents®. The
mathematica relationsbetween statistica entropy andalgorithmicinformation(Kolmogorov, 1965,
1968 ensurethat C,(15) = Hyax - Hacr: SO C(Ip) = I Thisis 9 sincethe physicd information o a
system determines its regularity and this regularity can be neither more nor lessinformationally
complex than isrequired to spedfy theregularity. (The informational complexity of the disordered
part is equal to the entropy of the system, i.e. C,(Hyax - 1p) = C(Hact) = Hacrs C(S) = C(Ip) +
C/(Huax = Ip), = C(Huax) = Huax andsince O = | /Hy,ax, the ordered content of S=H,,,,O =1, as
required.) Theseidentitiesall ow usto usetheresources of algorithmic complexity theory to dscuss
physicd information, in particular to apply computation theory to the regularities of physicd
systems. This move has always been implicit in the use of deductive reasoning to make physicd
predictions, andshoud benon-controversial. Themain achievement hereisto expli citl y tietogether
computational and dynamicd reasoning withina mmmonmathematicd language (see &so Bennett,
1989.* Asnoted, the system intropy is an important resource, measuring system self-organisation

“ A complete physicd spedfication would amourt to a maximally efficient physicd
procedurefor preparing the system, S, in the maaostatein questionfrom raw resources, R (Colli er,
199(). Furthermore, the procedure shoud be self-delimiti ng (it haltswhen Sisasembled, and orly
when Sisassembled). The information content of this gedficaionisjust I, plus any intropy that
must be disgpated in the process The latter is cdl ed the thermodynamic depth of the state of the
system, andisequal to H,(R) - H,o1(S) if there ae no pradicd restrictions on passble physicd
processes. The dgorithmic complexity anal ogue of thermodynamic depthisthe complexity deaease
between theinitial andfinal statesof a cmputation (through memory erasure). Thisquantity isoften
ignored in algorithmic complexity theory, bu see(Bennett, 1985 Colli er, 1990k also Fredkin and
Toffoli, 1982, whowould hdd that the analogy is aphysicd identity.

“ Thereis ore further terminologicd issue ancerning physicd information that shoud be
nated. By NPI, the disordered part of the system does nat contain information (because it cannat
contribute to work), bu the information required to speafy the complete microstate of the system
isequal to theinformationin the maaostate plus theinformation required to spedfy the disordered
part. Layzer (1976, 199D speas of the information required to speafy the disordered part as the
“microinformation” of microstates, as if the information were adually in the microstate. This
informationcan dowork only if itis smehow expressed maaoscopicdly. For thisreason,weprefer
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potential.* The self-organisation pdential isameasure of the room a system has to sportaneously
generate new cohesive organisation a structure.*®

V. Conservative Systems
We can now begin to discuss the information budyet of dynamicd interadions through the
conredion between information and ptysicd adion sanctioned by NPI. To best illuminate the
inherently complicated AAA systems, we start with simple predictable systems and move to more
complex ones asrequired.

It is convenient to classfy al dynamicd systems as conservative or disspative. Conservative
systems haveH,; = constant. They aretherefore dosed systems, so that the sum of thepatential and
Kinetic energy is a constant, they have atime-invariant Hamiltonian, and their dynamics are
reversible (Goldstein, 1980. Inredi stic systems, in which exergy eventuall y diss pates, thisimplies
that I, = constant, =0 (since ay internal order that isnat constrained has been dsspated alrealy,
or the system would nd be mnservative), and I, = . Examples are euili brium thermodynamic
systems and classcd particle systems. In the former case the enformation is determined by the
properties of the external constraints onthe system (e.g. the mntainer of an ided gas), whilein the
latter it is determined by the locaion d the system in phase space & any given time. In a
conservative system, then, dynamica changes must involve shifts of enformationwithin the system
that are permitted by the dynamicd symmetry laws governing conservation d energy and
momentum, i.e. system re-organisation ony.

These constraints are severely restrictive. Conservative systemscanna suppat the sort of organised
complexity werequire. A complete representation o the microstate of an ided gas at equili brium,
for example, isvery complex algorithmicdly, bu itsdisorder makesit an ursuitable candidate AAA

to regard urexpressed microinformation as aform of potential information (Gatlin, 1972 Colli er,
1986 Brooks and Wiley, 1988 Expressed information in the form of enformation is smetimes
cdled stored information (Gatlin, 1972 Brooks and Wiley, 1989. Potential information can aso
be diredly expressd as intropy, e.g. in the Brownian motion d a particle, as oppased to at the
expense of enformation, e.g. when micro fluctuations disrupt structure. Although expresson as
intropy is physicdly possble, it canna be physicdly controlled (Colli er, 199008. Control of this
processwould imply the existence of a Maxwelli an demon.

4> Ulanowicz (1986 refers to this quantity as g/stem overhead - , but an overheal is a st
of some kind and we do nd follow this termindogy. There is aready defined a very different
quantity, and genuine ast, computational overhead, which is a technicad nuisance to be worked
around.The intropy is a measure of the variability of the unconstrained part of the system, andis
better refered to simply as the variahility.

6 An autonamous g/stem may useits sif-organisation pdential to compensate for assaults
onitsintegrity, though thiswould typicdly be adieved through re-organisation, bu must useit to
achieve genuinely new higher order organisation than it currently possesses - see8VII.
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system. Its regular properties are few (low I,), and are entirely determined by the boundiry
condtionsof thegas. Internall y, anided gasisalmost completely disordered (fluctuationscan creae
but very temporary regions of order), and contains no wseable information. Adaptation and
anticipation(formsof work) require rule-conforming (regul ar) complex resporsesto dversestimuli
that a system with few regular propertiesisinformationaly incgpable of martiali ng. Autonamy at
the very least requires an internal control of regular adivity, na merely boundry condtion
determination.So ided gases, though their completerepresentation hesalarge C,, fail on bdh courts
to be aitonamous and anticipatory®’. All other type 2 or approximately type 2 systemswould fail on
the same grounck.

Perfed crystalsare a theother, simple extreme. They areordered, sincetheir complete spedficaion
needs only the structure of the componrents together with alocd concaenation routine. This also
impliesalow overall C,, anda @rrespondng inability to show any of the AAA cgpadties. Perfed
crystalsaretooregular, toostrongly constrained. The entropy of aperfed crystal is0,sol,=C,, and
its order is complete, i.e. O = 1. A perfed crystal shoud be immune to deformation that would
increaseits C, andlower itsorderedness This sansto ensure the independenceof the aystal from
boundry condtions, bu thisis not the kind o autonamy relevant to AAA systems, since it is
predsely their organised interadions with their environment and their organised interna
modifications to suppat that functionality that expresses their AAA cgpadties. (The aystal isnot
internall y self-maintaining and solves no problems at all, because it has nore of the relevant kinds
of functional properties.) Thus perfed crystals, andlike simple systems of classes 1 and 3,also fall
as candidate AAA systems.

The enformation can be divided up into conformationd information®®, I., and dynamical
information, I,, wherel. + 1, =1, inthe @mnservative cae. Conformational informationis contained
in the position parameters of the Hamiltonian, while dynamicd information is contained in the
momentaand the rel ations between pasiti ons and momentawhich represent the laws governing the
system. Thus, the dynamicd information includes the information contained in the laws governing

“"Notethat if NPI isnot assumed, further argument is required to establi sh that the large C,
of agas canna be used to control its behaviour. The agument would haveto be ona cae by case
basis, similar to the situation if we acceted the Denbighs' (1985 rejedion d the relevance of
informationtheory to Maxwell’ s demon. It might seam obvious that type 2 systems canna suppat
autonamy or anticipation, bu the reasons why are nonttrivial.

8 Asguming a protein can change from a denatured, linea form to an adive, folded form
reversibly, the folded form contains more conformational information than the linea form. For |,
to remain constant, the additional conformational information would have to be implicit in the
dynamicd information d the linea form, and vice versa. In pradice protein folding is not
reversible.
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the dynamics of the system™. It would be cnwvenient to dvide the enformation into separate parts
representing the potential energy and the kinetic energy, bu thisis possble only if the potential
energy is afunction d positions alone (e.g. a system of two nan-disspative bodes in an inverse
square force field). In that case, the information d the poatential energy is the conformational
information plusthe informationin the relevant forcelaw(s). Thisdivisionwill alwaysbe possble
in equili brium and aher linea systems, but general conservative systems are often norlinea.>

Linea conservative systemsare extremely ssimplein oresense: they aredynamicdly decompaosable,
allowing independent testing, analysis, engineging and control of subsystems. Nea-to-linea
systems can be gpproximated arbitrarily acairately with linea approximationsandaseries of linea
corredions of higher order, as neaded. This methodis used extensively in physics and aher areas
of science The mainroot exemplar isthe anaysisand prediction d the orbits of the planets where
gravitational interadion is wed *'. Despite the simplicity implied by decomposability, linea
conservative systems can beinformationally complex if o ishigh ( , of course, isnegligible), bu this
can only occur in ahighly constrained structure which is norethelessrandam (an amorphous lid,
like glass bu more so). Such a structure would have high I, due to its high o, but, because of its
randamnessit would na be cgpable of organised interadionswith itsenvironment. These structures
are extreme versions of aperiodic aystals, a dassto which Schrédinger once suggested that DNA
belongs®®. Again, we seethat complexity alone is nat enough for organised behaviour

Other forms of complex conservative systems are posshble, if we dlow nonlinea systems (at the
expenseof decmpasability). Thesepermit, indeed typicdly construct, rich organisational structures,
i.e.their nonlineaiti esimpose cnstraintswhich produce orrelational redundanciesof many kinds,
e.g. those of entrained oscill ators and nbody planetary systems, bah of which may show chaotic

“9 For ametaphysica argument for the same result, na restricted to conservative systems,
seeCollier, 1996.

Y Despitethis, all of the ealy appli cations of modern physicswereto linear or approximately
linea systems, esseentialy type 2 ar type 1 systems. Thefad that these ealy appli caionshave served
as Kuhnan exemplars for later applicaions (Kuhn, 1970 has led to an owerly smplified view of
dynamics. Thisisironic, sinceKuhn sown theory of scienceusesahighly simplified dynamicsthat
misleads as it informs (Herfel and Hooker, 1997, 1998seencte 23).

*Lronicdly, evenrelatively minor disspation, liketidal disspation,canleal to phese spaces
with multi ple paint attradors (seebel ow) in which the boundiries between attradorsare chaotic. In
systems in which the trgedory enters chaotic regions in phase space(the Sun-Mercury system is
likely ore of these) the method d linea approximations can give only probabiliti es of cgpture by
one dtrador or ancther.

>2 |t does nat. DNA almost cetainly exhibits high arder subtle redundancies (see below)
impaosed by developmental, environmental and self-organised constraints through the process of
evolution (Colli er, 1986 Brooks and Wiley, 1988§.
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behaviour (Winfreg 1987. But much of therichnessproduced by nonlineaity ismost clealy and
relevantly seenin nonconservative systemsandwe postporeitsexploration urtil then, pausing here
only to briefly placedeterministic chaos within ou framework.>®

Whil e perhaps currently the most notable nonlinea systems are those that exhibit deterministic
chaos, wehavejust noted that complex organisation daesnat requirethis. Andweneedtorecdl that
even chaotic systemsaredeterministic andtheir spedficaionsaretypicdly highly compressble(e.g.
to afew equations), so the gopeaanceof complexity in the extensive manifestation d an algorithm
may bemislealing. Consider aPenrosetili ng (Penrose, 1989, which can begenerated by arelatively
simplereaursivefunction, bu which showsno obvousredundancy withinany givenregion.ltwould
beextremely difficult (if not impaossble) computationall y to recover with demonstrable cetainty the
generating function by sampling the cnformation (pattern) of a Penrose tiling, so the pattern
complexity or conformational information appeas to be very high. Thisis an illusion, havever,
since al this information can be mmpressed to the generating function. Despite gpeaances,
Penrose tili ngs are nat very complex (i.e. they have low o) though they are highly organised.>* We
now have alarge cdalogue of systems with these dharaderistics, which can be implemented on
computers. It can be disarming that such apparently complex and even chaotic patterns can be
generated by simple programs, sincethe simpli city of the programs provesthelow o of the patterns.
We can imagine, however, chaotic systemsthat have arelatively high o, are nat locdly reduncant,
but are still highly organised. Weaher systems and living nervous g/stems quite possbly manifest
this type of organisation - although these systems are not conservative, only partialy chaotic, and
perhaps nat fully deterministic. So let usturn to considering organisation in general.

It might seem that conservative systems must have cnstant order, sincetheir disorder is constant.
Althowghthisistruefor equili brium systems, for which theinternal order iszero, structured systems
canmaintain constant disorder whil eorder increases. Thisispossble (however physicdly unlikely),

>3 For areview of nonlinea systems and chaos, seeStewart and Thompson, 1986.

>4 See8V |1 below. Penrose sometimestalksin The Emperor’ sNew Mind asif thetili ngswere
not effedively computable. If nat, then the agument in the previous paragraph concerning the
cgpadties of aperiodic aystalsimpliesthat they canna control in any interesting way. If thetili ngs
are norrcomputable, then they are immediately irrelevant to the wntrol aspeds of mind uriess
somehow we can norrcomputably identify suitable partial functions that are computable, and are
relevant to control problems. Wedon t seehow thisis suppased towork. Moreli kely, Penrosethinks
that finding a tiling, given a set of tiles, is non-computable, but we can somehow do it, and that
finding aperiodic “patterns’ liketili ngsisuseful for control problems. Thelast isat least plausible,
sincethe posshble tilings are avery speafic subset of amyriad of possble cmmbinations, yet they
integrate locd and global constraints. As we have previously noted, this ort of integrationis a
charaderistic of organic systems. If, ontheother hand,evolution hes sleded eff edively computable
physiologicd and behavioural tili ng procedure anal oguesfrom themyriad passhbiliti esmutationand
self-organisation put forth so asto “ solve” spedfic global/l ocd integration problems, we need na
asume any mental cgpadties that are not representable & computations.

Page 32



if the phase spaceof the system is expanding. H,,,x increases, while H,-; remains constant, as
required by conservation,thereby increasing I.through anincreaseinintropy. Recdl that avail abilit y
andentropy, unlike energy, are not conserved; avail ablework hasincreased because existing energy
isnat re-distributed aaossnew modes as fast as these modes are being creaed (e.g. between matter
andradiation) andthisordered energy distributionisnot constrained by the system, so some existing
modes can nav do work on dhers.® If the phase space &pansion is a mnsequence of system
dynamics, asappeasto happen asaresult of the spatial expansion d theuniverse, order canincrease
spontaneously as well. The surprise of the result that conservative systems can thus increase their
order is mitigated by the fad that the intropy produced by expansion is extremely subjed to
disspation,so we aeunlikely to olserve such an event. Nonetheless if the expansion accursfaster
than the system relaxes, someresidual intropy will remain, and ader will still i ncrease. It turns out
that thisallows order and dsorder to increase together, and permits an explanation d the origins of
organisation. To be physicdly redistic, however, this takes usinto the redm of non-conservative
or disdpative systems™.

V1. Organisation And Logical Depth

Organisationisthe a-ordination a interdependenceof parts or comporents, espedally in suppat
of vital functioning (OED). A living body iswell organised when its organs S interrelate that the
body as awhaole can maintain al itsvital functions, i.e. is autonamous. A sporting team (football ,
relay, etc.) is properly organised when its members  interrelate that the team can perform its
sporting function, and well organised when it performs well. Similarly for the parts of a machine.
To be m-ordinated or interdependent is at least to be rrelated in states and/or behaviour. But it is
typicdly nat to beidenticd in state or behaviour, for that producesonly simpleorder (li kethe aystal,
al of whose @oms stand in identicd locd relations to their neighbous); it is the different
contributions of ead comporent that gives the richness to organisation. Correlations entall
descriptive redundancy; if A, B andC are correlated in resped X we may replacetheir independent
description {A(X), B(X), C(X)} with {A(X), R(A,B,C)} and so on. So the seach for a formal
charaderisation d organisation might profitably focus on unddrstanding its gedficaionin terms
of redundancy.

5 Cf. nae 47 andtext. A common caseis condensation after rapid expansion o the volume
containing agas. Thetreament of gravitational condensationmay be more compli caed, seel ayzer,
1990.

* In pradice, disdpation will set in much faster than organisation forms, espedally since
there is nothing like minimisation d entropy production to guide the formation d physicd
information. Even in a nonexpanding system, ordered structures could appea sportaneoudly.
However, there would be nothing to drive their formation, and chanceinteradions are more likely
to disorganise the system rather than arganiseit (cf. also Fong 1968, 1973 Any new organisation
appeaing in a mnservative system, then, could ony be atributed to chance or supernatural causes
(Coalli er, 19900. For all pradica purposes, self-organisationrequiresdisspation. See éso naes 14
and 17.
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Foll owing Shannonand Weaver (1949 redundancy orders are determined by the minimal number
of elementsin which aredundancy can be deteded, so the redundancy in a system (physicdly, its
I5) can then be decomposed into orders n based onthe number of comporents, k. required to deted
the reduncancy of order n.>” Order 1 redundancy can be deteded by examining elements of asystem
pairwise, whereasorder nredundancy isdetedible over aminimum of 2nelements. Examplesof low
order redundhncies are the simple repetitions of moleaular arrangement charaderising a perfed
crystal and impaosed by its moleaular bondng and the requirement that being a word of English
places on sequences of letters. Examples of related higher order redundancies are the long-range
correlations in some crystal pattern fracturing produced by strain or the introduction o impurities
andthoseimpaosed by being asequencefrom apossblelost Shakespeaian play or being asequence
of lettersfrom a PhD thesis. In the higher order casesamuch larger sampleisrequired to recognise
theappropriate property thanisrequired to recognisethe propertiesinthelow redundancy cases. We
can reaognise aplay as asample of Engli sh with amuch small er samplethan we can recogniseit as
agenuinework of Shakespeae. Asthe examples suggest, high order redundancy isalso much harder
to producethanlow order redundancy, independently of the complexity of the sequencesthat contain
them.

Thereisonly averyloose mnstraint conreding high andlow order redundancy: For fixed I(p), high
order redundancy impli eslessthan maximal |ow order redundancy (a cmpletely redundant system,
e.g.arow of 1'sor aperfed crystal, could show no high arder redundancy). Otherwise high andlow
order redundancy arefoundto vary widely, effedively mutuall y independently, aacossred systems
(which also show wide variationsin I(p)). First, while large low order redundancy may constrain
high order redundancy, there ae systemswith substantial measures of both. Consider, for example,
the dynamics of atypicd digital computer running a cherent program, e.g. drawing a compli cated
picture; itsdynamicsarelocaly redundant, sincethelocd transitionsare highly constrained, bu the
overal program coherency provides considerable higher order reduncancy. Similarly, there is
sufficient loca low-order redundancy at cdlular level in living creaures to maintain the local
coherence of cdlsand at multi-cdlular level to maintain the locd coherence and dfferentiation o
organswhil e & the same time organ interrel ations permit the organism asawhal e to show complex
organisation, e.g. to permit the significant higher order redundancy charaderising the c-ordination
of lung, blood, muscular, nervous and hamonal systems that permit fight, flight and rest. Second,
while high order reduncancy may be acompanied by low order redundancy, asthe cae of living
systemsshows, it need na be. A computer CPU has much lesslow order redundancy than amemory
chip but much greaer higher level redundancy, as a caual glance a pictures of chips will show.
Complex chaotic (and realy chaotic) conservative systems, e.g. asted ball pendudum swung over
apair of magnetsunder frictionlessconditions, typicaly show relatively littl elow order redundancy,
but a significant amount of high order reduncancy. However, unike the self-similar patterns

>Thisisastrictly mathematica decompasition. Physica decomposability isnot required. It
isimportant not to confuse orders with levels (seebel ow).
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associated with chaos, thelocd and global redundancies of living systems aretypicdly highly non
self-simil ar acrossorders.®®

Wewill also dfferentiate between locd and global system redundancies, e.g. between those of the
body andthat of oneof itsorgans. Whil ethe body has organswhich are essentia to itsorganisation,
it is aso intrinsicadly globally organised, and recdl that this last is an essentia fedure of all
autonamous systems. Moduar systems sgregate their redundancies into those within and those
between their modues, whil e integrated systems do nd (see8V Il below), but integration can aso
be ‘patchy’, aadossdiff usely defined regions of a system, varying over time, as doesthat synchrony
among neurones which Crick takes to define consciousness (Crick 1994. It is ultimately an
empiricd matter just how locd and global redundancies interrelate to lower and higher order
redundanciesin particular classes of systems, though in general higher order redundancieswill aso
have the larger tempora or physicd scde, or both. For a group d comporents that suppat
interrelations of amaximum finite order, eg. DNA comporents, the only way to oltain higher order
relations is to add comporents, bu it is also posgble to have locdised redundancy of very high
order, e.g. if alocdised sub-system suppats a strange dtrador (cf. nae 58).

To be organised requires redundancy. But red systems show various combinations of high andlow
order redundancy, locd and global redundancy. This provides an interna richnessto the nation o
organisation. It also undermines any attempt to provide asimple univocd redundancy correl ate of
organisation. The foregoing discusson suggests, for example, that we distinguish between the
guantity and quality of organisationin asystem, since alding more comporentsto asystem withou
increasing the order of reduncdancy among their interrel ationsdoes not seem to produce any increase
in quality of organisation,just in quantity of comporents organised. We might asociate the quality
of organisation with the highest order of redundancy the system exhibits and the quantity of
organisation with the total number of redundancies present aadossall orders. But whil e the former
intuition is well defined, there is before us no apparatus for quantifying organisation in this way,
particularly nat one with principled groundng in the underlying notion o physicd information.
However, even the nation d organisational quality is rendered ambiguous by variation along the
global/l ocd continuum and by scdedependence Tothe extent asystem ismoduarised, for example,
weregard its organisation as distinct from that of its modues, espedally if the redundancieswithin
one of its modues s higher order than that between its modues, but what of a system that is but
patchily redundant acoss pace ad time, as our brains are? We therefore rest content for the
moment with the following: The higher order the global redundancies involved at the mesoscopic

*8 So complex organisation reither requires, nar is required by, chaos and the organisation
of living systemsistypicdly not chaotic. Whil etherole of chaosin living procesesisan empiricd
and open isae & the present time, that chaos derives from the extreme sensitivity of its dynamicd
trajedories to initial condtions provides a good reason why it will probably not be common in
adaptable aeaures where resources are limited and adaptation typicaly must be fast and acarate
(though it may be used seledively for sensitive cntrol functions, Skarda and Freeman, 1986 cf.
Collier, 1996.
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scde the more organised the system. Computers and creaures are more highly organised than
medchanicd madines and macdines are more organised than perfed crystals.

A significantly organised system is not maximally complex, becaise of its redundancy (more
internally ordered than a gas), bu it is not maximally ordered either, because of its higher order
correlations (less ordered than a aystal). This is the intermediate region we have previously
established (88l1,V) for type 4, living systems and represents the organi sed compl exity required for
AAA systems. Thereis at least one promising tod for cgpturing thiskind d organisation.

Asthe examples of the Shakespeaean sentence, PhD word, and rogrammed computer show, the
higher order redundancy of systemsis often, perhapstypicdly, hidden o buried, in the sensethat it
isnat evident from inspeding small parts of the system or locd segments of the dynamic trgjedory
of the system. However it can (in principle) be seen in the overal structure of the system, and/or in
the statistics of its trgjedory. For example, it isimpossble to spedfy what a computer drawing a
complicated picture isdoing from examining either afew transistor states or asmall sedion d the
drawn lines; equally, the trajedory of a chaotic system islocdly chaotic, bu it is often confined to
spatially restricted attrador basins. Becausetheinformationin such systemsinvolveslargenumbers
of comporents considered together withou any possbility of simplificaion to logicdly additive
combinations of subsystems (the systems are nontlinea), computation d the surfaceform from the
maximally compressed form (typicdly an equation) requires many individua steps, i.e. it has
considerable logical depth (Bennett, 1985 Li and Vitanyi 1990, 238. Of course, this measure
applieswhether or not weregard the order asepistemicdly hidden or buried. Formally, logica depth
is a measure of the minima computation time (in number of computational steps) required to
compute an urcompressed string from itsmaximall y compressed form®. Physicaly, thelogica depth
of asystem placesalower limit on hawv quickly the system can form from disassembled resources™.

*9 Some aljustments are required to the definiti onto get areasonableval ue of depth for finite
strings. Wewant to rule out casesin which themost compressed program to produce astringis dow,
but a dlightly longer program can produce the string much more quickly. To acommodeate this
problem, the depth is defined relative to a significance level s, so that the depth of a string at
significanceleve sisthetimerequired to computethe string by aprogram nomorethan shitslonger
than the minimal program.

0 Since mmputation is a formal concept, while time is a dynamica concept, it isn't
completely clea how we can get adynamicd measure of computationtime. Jonathan Smith (1997
has shown that the formal anal ogue of temperaturein informational systems has the dimensions of
inversetime (i.e. arate). Together with NPI, thismay give usaquantitative measure for the physicd
ratesinvolved in the informational dynamics of systems. Generally, the minimal assembly time of
asystemwill belessthanthe expeaed assembly timefor assembly through randam colli sions, which
we can compute from physicd and chemicd principles. Maximally complex systems are an
exception, sincethey can be produced oy by comparing randamly produced structureswith anon
compressble template. Because of their compressbility, organised systems can be produced by
finding a compressd form, and produwcing the structure from that. This is more dficient than
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Bennett has proposed that logicd depth, a measure of redundancy, is a suitable measure of the
organisation in a system. However, while alding more cmmporents to a system at the same
reduncdancy level will nat increase the system organisation, only the size of the system organised,
it will i ncreaseits depth becaise the shee length o the sequenceto be computed hasincreased. All
sequences of n identicd entries are intuitively equally trivial, howvever the depth of ead string
depends on the depth o n itself. This effed can be made negligible if we @nsider only relative
depth: The depth of asequencerelativeto thedepth of thelength of the sequence Therelative depth
itself of asequenceof nidenticd entriesisnomore than the depth required to speafy the entry itself
(and negligible if the entry isO or 1). In the cae of adding identicd comporents to a system the
relative depth daes nat increase sincethe depth of a comporent is already included in the original
systemrelativedepth. It isnaot transparent whether rel ative depth deds stisfadorily withall passble
cases of this kind, bu it is a reasonable, and dausibly sufficient, refinement of logicd depth
simplicitur to adopt.

Relative logicd depth promises to cgpture the core of the intuitive sense of organisation we
discussed above. More caittiously, relativelogicd depth seems grongly associated with the highest
order mesoscopic global redundancy in asystem. On the one hand, sincelow order redundancy can
be produced with relatively simple programs (in the order 1 case, with a “reped” command), high
relative depth implieshigh order redundancy. On the other hand, from the examplesabowe, it seems
that high order redundancy requiresconsiderablerel ative depth, sincetypicd examplestake alonger
timeto producefrom simpler resources. Crystalsare much easier to producethan are mmputersand,
within the latter, otherwise comparable memory chips are much easier to produce than CPUSs.
However we do nd know of atheorem that requires this. We will assume that higher redundancy
order implies higher logicd depth, aher things being equal. Whether or not organisation requires
anything elseis mewhat unclea to usat present. It is, for example, urclea to uswhether relative
logicd depth can be used to satisfadorily distinguish the kind d deep arganisation exhibited by a
computer running a complex coherent programme and that exhibited by a living cdl, which is
autonamous, defends an internal/external phase separation through a @ntrolling boundary
membrane, andis slf-reproducing, al organisational feaures the computer ladks.

Lurking behindthisisue aetwo important ambiguiti esin our inuiti ve cncept of organi sation; these
need to be made explicit. The first arises from the fad that system redundancy orders are quite
distinct from system levels. A cohesive system level is a dynamicdly grounced red constraint
(structural or process in a mmplex system which occurs when (and orly when) cohesion emerges
and orerates to creae organisation (note 6). A level ads asamaao filter, itsformationrequires a
changein dynamicd form, aphase thange, and expresses a sharp shift in degrees of freedom (8l1).
Becausealevel may (andtypicdly will ) contain many comporents (e.g. many moleaulesboundinto
a structure, or circulating within Bénard cdls), the same level may manifest or suppat many
different orders of redundancy and the same order of reduncancy may be manifested or suppated
at many different levels. (Sincethe use of ‘level’ in the literature & large is multi-vocd and dten

cheding randamly produced structures, and has clea impli cationsfor therelevanceof evolutionary
processes as eff edive seach-and-construction pocesses. Cf. nae 42.
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undsciplined, and al ows the hasty to reify talk of al kinds of levels, we shal confine the use of
‘level’ to just the foregoing cases.) The first ambiguity concerns whether levels shoud pay any
intrinsic role in the concept of organisation. Consider two systems constituted of the same basic
comporentsandwith equal measuresof correlationsamong them, thefirst asinglelevel systemwith
subtlely correlated perts < that they mutually regulate and some antrol others, and the ssconda
multi-level hierarchy with internally smple levels but crosslevel correlations, nore of which are
control relations. If thenation d organisationisfundamentally concerned with just the extent of co-
ordination in the sense of correlation then ex hypothesi these two systems would have the same
measure of organisation. If, onthe other hand, the nation d organisation a so includes referenceto
the degreeto which correlations are hierarchicaly organised by levels, asit will for many, then, the
second system will be judged to pcssessthe greaer organisation. The seand ambiguity in ou
concept of organisationconcernswhether ordering of regulation a control (note 69) shoud pay any
intrinsic role in the concept of organisation. If they are to then, the first system will be judged to
possessmore organi sationthan thesecond.Hereit will not sufficefor systemsto dsplay correlations
to exhibit organisation, they will neal to dsplay correlations distinctive of regulatory or control
relationships. Finaly, these two intuitions are often joined to emphasise the importance of
hierarchicd order of regulation a control to organisation. In this case the second system will be
judged to passessmore organisation than the first, sincethe first system can show only first order
hierarchicd regulation a control while the second system can show higher order hierarchicd
regulation and/or control. Our resporse is to reagnise the usefulness of both kinds of ways of
modifying the root concept, reserve organisation simplicitur for the wrrelations-only notion and
introducetheterms*hierarchica organisation’, ‘regulatory (control) organisation’ and*hierarchicd
regulatory (control) organisation’ for the others.

Theimportanceof these distinctions goes beyondconceptual clarity. The distinctive feaures of the
living cdl i ntroduced abowve dl concern its hierarchicd and regulatory/control charader, which are
dynamicd feaures. This extends to charaderising type 4 systems generaly. But logicd depth is
concerned with organisation simplicitur, i.e. just with correlations; evidently it is slent abou
dynamics. If thisisthe cae then organisation simplicitur will not sufficeto pick out the feaures of
type 4 systemswhichare aucia for understanding them, in perticular for understandingtheir AAAR
cgoadties. Plausibly these @ncern their distinctive hierarchicad andor regulatory/control
organisation. To ded with theselogicd depth evidently needsto be supdemented with adynamicd
acount of depth, within the context of NPI. (‘Evidently’ becaise it is passble, though it seems
unlikely, that the logicd depth constructionwill prove to contain the resources for this task.?)

1 Therelativelogicad depth constructioncaptures ssmethingimportant to thesesystems. Too
much organisation is detrimental to living systems becaise it is too constraining and/or too costly
to maintain (cf. below) and, for the same reasons, so also is too much redundancy. It is also worth
nating that it appeas to take less time to asemble something from modues than to creae
functionall y equivalent organisation unmoduarly. Weshoudthen exped intermediate organisation
in AAAR systems, irrespedive of type. Nonetheless whil e the relative logicd depth construction
isamagor moveinthediredion d spedfying organisation,it isunclea whether it will be sufficient.
In any case, it neads a dea dynamicd interpretation to be gplied to hierarchicd and control
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How to dynamicdly groundlogicd depth isnot presently entirely clea becauseit requiresaway to
physicdly quantify the noction d computational time, or, equivaently, of a cmputational step, and
how to properly dothisis not clea (note 60). However, when we do olserve organisation we can
reasonably infer that it isthe result of adynamicd processthat can producedepth. The most likely
sourceof the complex conredionsin an arganised system isan historicaly long dynamicd process
Bennett recognised thisin the following conjedure:

A structureisdeep, if it is superficially randam but subtly reduncant, in ather words,

if aimost al itsalgorithmic probability is contributed by slow-running programs. ...

A priori the most probable explanation d ‘organized information’ such as the

sequence of basesin anaturally occurring DNA moleauleisthat it is the product of

anextremelylongbiologicd process (Bennett, 1985 quaedinLi andVitanyi, 1990

239
However we should also nde that higher order redundancy could arise accdentally as an
epiphenomenon (amere wrrelation), but then it would na be based ona whesive structure and so
its emergence can't be mntrolled and it will not persist. It isaso passble that cohesively based
higher order redundancy could form acadentally viadisgpation, e.g. aseddiesin an expanding ges.
Some of our own cosmic structureseemsof thiskind,gravitation providing the mhesiveforce Thus,
though wetentatively adop (relative) logica depth asanimportant measure of system organisation
simplicitur, we regard it as an incomplete acourt of the important system feaures we wish to
charaderise and look towards groundng it in NPI.

For the sake of clarity we pause here to nae that the amnverse of Bennett's claim is not generaly
true: asystem’ sbeing the product of an extremely long biologicd processdoesnot ensurethat it will

contain alot of organised information; in many environments the best adapted cregures might be
relatively simple. Too much arganisation can be & much o a disadvantage as too little, since
organisation nat only enables, but also restricts, system variability by pladng constraints on the
system, making the system lessadaptable to condtions the system is not organised to ded with.
There appeas, for example, to be an ogtimal range of system interconnedednessat between three
and six conredions per system node (Ulanowicz, 1997). Furthermore, substantial portions of the
information concerning the complex evolutionary history of the whole environment-system
supersystem may be lost through spedes extinctions and nd appear in its current physicd
information. And many of the simpler creaures may be long term survivors, like anoebag rather
than therecent products of seledion. It ispresently unclea whether or not our planet’ s evolutionary
process is increasing the mean depth of physicd information in its credures, though this not
occurringiscompatiblewith depthincreasingin somelineages(e.g. themammals, cf. Nitedi, 1989
andwithincreasein mean depth being the general evolutionary tendency but for external disruption,
geologicd (volcano eruptions, etc.) and cosmic (comet colli sions, etc.).

However, it is aso important not to judge this issue by considering structures in isolation. It is
tempting to conclude, for example, that many virusesarerecent productsof seledionandyet simple.
But viruses are not autonamous g/stems; they don't control themselves but need the higher order

organisation.
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organisation of their hoststo reproduce They can be simple becaise the @ntrol resides elsewhere.
By contrast a spedali sed autonamous gedes may nedl its pedalised food sourcefor exergy and
materials but may nat need thefood sorganisationto control its slf-reproduction processs. Infad,
when food aganisation enters autonamous organisation andis viable a uch - as when adrug or
virusisingested - it often causestroulle predsely because the system does not then full y control the
subsequent processes, although humans, for example, are dependent ontheir food containing some
aminoaddswhich they canna: synthesi se themselves andto that extent have surrendered control to
their environment. The perhaps courter-intuitive but important leson is that the order and
organisation of the virus canna be charaderised for the material virus objed alone but only for the
entire virus-host system, evenif theformer can be separately structurally charaderised, whereasthe
order and arganisation d systems can be separately charaderised, nomatter how dependent they are
on their environment, to the extent they are auttonamous. (l.e. parasitism implies much stronger
informational requirements than mere dependence) More generaly, for all sub-system/system
relations, only intheresped in which asub-system isautonamous can itsorganisation ke awnsidered
separately. Internal organs/parts can range from autonamous sub-systems to compl ete parasites, in
eadt case more or lessco-operative; the exad relationship in ead case is an empiricd isse.

We can now explain Bennett’'s conjedure in more common hiologica terms. Entrenchment is
physicdly emboded depth per se, with no dred impli cations concerning the historicd origins of
the depth. Candi sation, onthe other handis entrenchment resulti ng from adeep historicd process
(and also describesthe procesy. Bennett’ sconjedureis, then, that cases of entrenchment are, most
likely, cases of canalisation. Thisisan empiricd claim.

Depth permits complex, organised control, e.g. as with programmed computers and DNA control
of development, even in complex conservative systems.®? Thereis gill aproblem, however, of how
the necessary organi sation might originate.®® Sinceorgani sationrequiresbath order and complexity,

%2 For example, computer programs using a serial von Neumann architedure can be
implemented conservatively, at least in principle (Fredkin and Toffoli, 1982 Bennett, 1973. Such
acomputer could control another conservative system, or could control statesof itsown subsystems.
DNA is neither formed na maintained uncer conservative mndtions, bu, suppasing it could be,
DNA could control the growth and development of an organism in much the way that the
contemporarily popdar computer program analogy of DNA suggests. The linea and moduar
structure of the DNA moleaule lends suppat to the program metaphar, and much of our present
pradicd uncerstanding of the dynamics of DNA transcriptionand proteininteradionsdependsonly
on conformational information, further suppating the computational model. Whether or nat this
model is ultimately workable, conservative systems with enough logicd depth are cgable of
anticipation as Bickhard (Bickhard and Terveen, 1995 has charaderised it.

%3 Depth may increase sportaneously relative to initial condtions in many conservative
systems. In an ided gas at equili brium, for example, correlations anong moleaules resulting from
colli sions increases the depth of the microstate relative to the initial condtions, bu there is no
increase in the asolute depth, since the initial condtion is randam (Bennett, 1985. In a non
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which ‘pull” in oppaite diredions, solving this problem is tantamourt to explaining how the two
can come into existence d the same time. Doing so invalves introducing disgpative systems.

VIl . Disgpative Systems and Self-organisation

Disgdpative systems are open, nonrequili brium dynamicdly irreversible systems. Thus, as noted
edalier, if they areto maintain their order, afortiori if they are to self-organise, they neeal to export
their entropicdly degraded (disordered) energy and import ordered energy as intropy and/or
enformation. Entropy production is analogous to friction (friction is adually a speda case) and
systemstendto evolve dongtrgjedoriesthat follow thelocd path of |east resistancedetermined by
their constraints (minimise ‘friction’), since these trajedories have the lowest accessble energy
levels. Thislealsto aminimization d the locd rate of entropy production, commonly dencted by
s .2 Under theright condtions, : will be minimised if the system changesits date so asto produce
maaoscopic correlations. The dassc exemplar is Bénard cdl convedion, in which convedionin
rotating cdls replaces condwction along a temperature gradient (e.g. convedion cdls repladng
verticd hea conductionin aslowly heaed saucepan); here mnvedion startswhen s is gredaer for
the nonconveding state than for the mnweding state.®® It is a self-organising process the

equili brium gas, the dsolutedepth canincrease by asimilar process if theincreaseisnot ohliterated
by naise, sincetheinitial condtionisnaot random. The no-noise assumptionisnot usualy redistic,
sinceit impliesno dsspation undr norrequili brium condtions. Therefore we ae unlikely to find
conservative systems that increase their absolute depth.

%4 More widely affirmed than argued, the agument to this general conclusion runs roughly
asfollows(see speaally Schneider andKay, 1994, 199Y. Thelocd timerateof entropy production
= disgpation rate =locd thermodynamic potential, so the spatial gradient of the potential = the
gpatial gradient of the time rate of entropy production, so total time rate of entropy production =
gpatial integration d thermodynamic patential =total patential diff erence acossthe system; but the
spatial gradient of the patential = generali sed force and, by generali sed laws of motion, systemsre-
arrange until force is minimised, so systems rearange until the spatial potential gradient is
minimised, so systems rearange until the total potential differenceis minimised; but al possble
potential distributions for a given system have the same minimum entropy production rate, so
systems rearange urtil the total entropy production is minimised. An equivalent principle is that
exergy lossis minimised = minimisation d input work to maintain the system in a stealy state. In
the case of Bénard cdl s, for example, lesswork is neaded to maintain convedion than condction.
Thisargument hasamore predse versionfor nea-to-equili brium systems, but is claimed to extend
toal systems. Though thisreasoningisplausible, wedo nd findit transparent (espedally at thelast
step abowve) and look forward to future improvements in foundations and rigour. Nonetheless the
principles sem well founded empiricdly thusfar, and are widely accepted.

% For a detail ed treament of the dynamics underlying the transition, see Colli er, Banerjee
and Dyck, 1997.A number of other examples have been studied with varying degrees of detail, but
the general pattern has been well verified, bah in theory and fad.
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spontaneous production d maaoscopic higher order redundancy. Physicdly, thisimplies credion
of new nonlocd spatia and temporal correlations among individual comporent (particle)
trajedories. Thisis exadly what we observe in the transition from condtction to convection for
moleaular motions both within and between rotating cdls.

The most commonly studied systems are nea-to-equili brium systems where departures from
equilibrium can be linealy approximated (Caplan and Essg, 1983. In these systems the locd
statisticad fluctuations are larger than or equal to the locd gradient of intensive state variables, so
they can for the most part be treaed like ejuili brium systems. The minimization o entropy
prodictionisglobal andlocdly isotropic.%® Theisotropic natureof = in nea-to-equili brium systems
severely constrains their complexity. By and large, their structure is under the @ntrol of their
boundry condtions, e.g. Bénard cdl sandriver standing waves formed with afixed stony bed and
bank shape, becaise theisotropy of : impliesthat the system canna ad locdly onitself to produce
differentia interna structure (Matsuno, 1989 Matsunoand Salthe, 1995. And this also removes
any historicadnessfrom their constraints. Thisconstraint oncomplexity isalso a anstraint on depth,
and hence organisation. However, nea-to-equilibrium disgpative systems are somewhat
autonamous, since their internal order results from internal processes, and the order is relatively
robust in the faceof chance perturbationswithin or to the system. But their autonamy islimited by
their inability to ad on themselves, which requires further internal phase separations. This is
refleded in analyses of nea-to-equili brium disgpative structures, which typicaly consider only the
microscopic dynamicsandtheglobal dynamics, constrained orly by the requirement of consistency,
spedfied in terms of boundary condtions (seenate 65).

Infar-from-equili brium systems, the situationismore wmplex, sincelocd changesin the dynamics
of the system can occur faster than the system can dsspate them or adapt to them. This credesthe
condtions for complex nonlinea interadionsto play asignificant role within the dynamics of the
system. However, the system still tries to follow the path of least resistancelocdly by minimising
s, insofar asit can. Prigogine (1961, 1980Nicolisand Prigogine, 1977 has conjedured that afar
from equili brium system will respondin such away that it minimises the comporent of s in the
generalised diredion d any generali sed force pli ed to the system. Often, thiswill i nvalve a dange
in the maaoscopic state of the system that produces new information within the system. Other
comporents of : arenot necessarily reduced, let alone minimised. The resulting potential can lead
to further effedson aher aspeds of the system. Andaslong asfar-from-equili brium condtionsare
maintained, perturbation and re-organisation, even dsruption on @casion, will tendto propagate
through the system. This is quite different from nea-to-equili brium systems, in which al
comporents of s are reduced almost simultaneously, damping out any propagation d disruptions,
and leading to a stationary state rather quickly. Far from equilibrium conditions, then, have more

% Nea-to-equili brium systems are onesin which the locd statisticad fluctuations are larger
than or equal to thelocd gradient of intensive state variables. They can betreaed pretty much like
equili brium systems, but they exhibit somenovel properties. Thesepropertiesresult from the entropy
production from disspation, charaderised by the spedfic (locd) rate of entropy production. In
particular, they can self-organise.
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self-organisational posshilities, and consequently show constraint historicdness i.e. their
maaoscopic constraints, thelawsunder which they operate, evolve/devel opirreversibly over time.®’
Thishistoricity isalso a central charaderistic feaure of living, espedally of learning, systems. And
indeed far-from-equili brium systems lead to much more diversity and complexity of resporse to
perturbations (stimuli), and are much more @ndwive to the development of autonamous
anticipatory systems, than either conservative or nea-to-equili brium condtions.

From an informational paint of view, self-organisationthrough disspation (8ll) isthe formation o
enformation from intropy. Systems that are dready strongly constrained (like nealy conservative
or nealy equili brium systems) havelittl evariabilit y to suppat this ort of transformation. Far-from-
equili brium disgpative systems, onthe other hand, can produce increased enformation and depth
through the cmplex and dverse but organised ways they can respondto external forces. Aslong
asthey are kept well away from equili brium, the mmplexity and aganisation d such systems can
increase indefinitely. This provides the posshility of their aaquiring the informational complexity
required for autonamy, anticipation and adaptiveness(AAA ness.

But we can go asmall step further than mere passhility. A system would be more aitonamousif it
could resist external forces by itself repairing their deleterious eff eds or otherwise re-organising
itself internall y tomakeitself lessvulnerableto d sruptiveforces. It would be even more aitonamous
if it could anticipate disrupting forces and prepare itself to counter them before they arrive.
Something like this, in a generalised, rudmentary form, aready charaderises disgpative self-
organising systems. The processes underlying self-organisation tend to reducethe entropy gradient
that impinges onthe system. Such areductionwould deaease the intensity of the entropy potential
and consequent disruptive dfeds of both the gradient itself and o internal fluctuations (Prigogine,
1961,198Q Nicolisand Prigogine, 1977 Schneider and Kay, 1994, 199Y. Brooks has cdled this
tendency of a disgpative system to re-organise itself to resist disruptive forces the Principle of
Compensatory Change (Brooks and Wiley, 1983). Although the aility of different systems to
compensate varies ac@rding to boundry condtionsandinterna structure, all disgpative systems
have a rudimentary ability to resist disruptions inherent in their dynamics. This ability is
rudimentarily anticipatory at least inasmuch as it applies to generic disruptions, in particular to
courterading the dfeds of disgpation (see &dove).

On the other hand, it is a sportaneous resporse to disruption, enabling self-regulation, bu ableto
perform control functionsonly inasmuch asit isconstrained to occur in predictablewaysthat further
suppat autonamy. More discerning anticipationrequiresfurther elaborationandarticulation d this
basic dynamicd principle, first negatively toward avoiding damaging environmental circumstances
andthen pasiti vely toward those environmental circumstances where resources may be obtained for
preserving developmental processes, thusleading to adaptive, anticipative systems. Once establi shed,

7 Compare here to the fixed stony bed/bank river system ariver running through mud; the
river reconstructs its muddy boundxries, its bed and bank, as aresult of its own dynamics, and so
dtersits own flow patterns, which in turn alter its subsequent impad onits bed and banks, and so
on.
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sporntaneous compensatory responses can become anbedded in the dynamics of the system through
seledion (either natura or artificial) or other entrenching processes, ready to be triggered by
appropriate environmental input or their vicariant representations (see 81X below). In principle,
compensatory responses could be designed rather than evolved, bu thisisan urlikely history for all
but the most advanced cognitive caes. For example, Piagetian acaommodation could foll ow ether
path, however only the sportaneous origin acmurt seams likely to uncerlie the ealier stages of
cogniti ve development. Simil arly, in evolutionit would be much more dficient to seled preexisting
Sportaneous compensatory resporses than to construct such resporses piecemed.

Living system complex organisation, and that in AAAR systems in particular, then, requires far-
from-equili brium conditi onsin amany-comporent interadive, nortli nea systemwith structure and
functiondynamicdly emergent. Far-from-equili brium disg pative condtionsareboth necessary for,
andlikely to produce and suppart, the degreeof organisationrequired for AAA R systems and their
charaderistic self-organising processes. But thisis not an equivalencesinceit is not an inevitable
result of these @wndtions, as fiown by the range of complexly organised systems lacking these
properties. We have no rea formulafor what additional constraintsto addto single out the AAAR
systems, or evenjust living systems, which, likethat of disgpativeness would be morefundamental
than spedfying their organisational charader diredly.®® In any event, we next turn to briefly
investigate one further relevant type of constraint.

VIl . Modularity And Organisation

The system constraints of moduar systems are such that the system dynamics can be expressed as
an interadive product, the dynamicd product of its intraamoduar dynamics and its inter-moduar
dynamics. Thisprovidesaprincipled dstinction ketween comporents of the system. Wedistinguish
two kinds of moduarity, based ontwo dmensions to cohesion relations, haizontal and verticd
moduarity (respedively Hmoduarity and Vmoduarity). Hmoduarity obtains when there is a
principled division d a system into contemporaneous $atial parts with enough unty or cohesion
to ead part for the system dynamics to be expressble & the product of the individua modue
dynamicsandtheir interadions. Thisishow we aurrently design and model buil dingsand madines
of al kinds (from homes to hdels, typewriters to television sets) and hov we usually attempt to
model bath biologicd popuations(themodu esbeing the phenotypes) andtheir individual members
(the modues being internal organs). Vmoduarity, in contradistinction, oldains when a system’s
dynamics may bedecompased into theinteradive product of itsdynamicsat diff erent system levels.
Thisrequiresthe presenceof relatively maaoscopic constraintsin systems sufficiently cohesiveto
impose extradable anstraints ontheir dynamicd behaviour. A crystal lattice, for example, resists
disruption by thermal agitation o its lattice moleaules and thereby constrains them to lattice

®Thisisconneded to ou reservationabou the adequacy of relativelogica depth to capture
afull concept of dynamicd organisation, see8VI abowve. There ae interesting further questions as
to whether there ae additional or diff erent resourcesintrinsicadly required for cognitionandto what
extent all cognitive systems, living and artificial, have the same requirements. It isour view that at
least al biologicdly based cogniti vesystemsare essential y simil ar inthese system respeds, andthat
the basic requirements are met by AAA systems - seeConclusion.

Page 44



interrelations, an internal organ has a similar relation to its member cells. Each instance of
Hmoduarity a'soinvavesmany instancesof Vmoduarity, since eab Hmodu emust besufficiently
cohesive to be adynamicdly separable part and so must exhibit Vmoduarity with resped to its
members, but Vmoduarity may be system-wide (as with crystals, typicdly) and involve no
Hmoduarity.

Moddarity meansthat asystem satisfiescertain constraintsasamatter of internal cohesivedynamics
withou the neal to invest further resourcesto ensure that the relevant correlations are maintained.
Moreover it allows g/stem resources to be used in dfferent ways with lesschance of interference
or confusion,andit al owsmoduesto bemodified withou modifyingthewhoesystem. Again, bah
of thesefeauresreducetheneed for additi onal resourcesto maintain needed correlational structures.
In particular, the regulatory resources required to maintain ahigh order redundancy, e.g. a system-
wide operational coherency condtion,aregrea andtherisk of error correspondngly large; if instead
an appropriate mhesive structure were present which dynamicaly constrained the system to
satisfying the condti onthen the system redundancy condtionwouldinstead be nomicly assured and
system resources could be invested elsewhere. For example, dired parallel conredionisasimple
and effedive, and typicaly more reliable, method d maintaining output phase @herency of
eledricd generatorsthan is ssmpli ng, computing discrepancies and corredive signals, andfealing
them badk to theindividual generators, and similarly for dired medanicd governors; much of the
cohesivestructureof livingbodesplays smil ar roles(e.g. cdl wall cohesionasregulator of sodium-
potassum balance). So we can exped to find moduarity intimately conneded with the expresson
of higher order redundancy, i.e. with logicd depth. (However, we dso nde that, while moduarity
reducesresourcedemands, thisbenefit may in variouscircumstancesal so be outweighed by itscosts,
e.g. wherethereis ®ledive alvantage to altering moduarity.)

But while Vmoduarity makes it posgble (though na necessary) for a system to dsplay global
logicd depth whil e remaining locdly shall ower or more simply organised, Hmoduarity makes it
possble to trade-off greaer organisational depth in individual modues against shall ower
organisationin theinterrelations among the modues. H andV moduar systems combine these two
oppaite-leaning charaderisticsin variouswaysto make systemsthat can dsplay both deep moduar
subsystems and ceep global organisation. Living systems are generaly (if not always) of this ort.

For compl etenesswe shoud reaognise processmodu arities as well as the spatio-temporally based
H andV moduarities. Thisisespedally so for autonamous g/stems, for whom its processclosures
play thekey role. Asfor moduarity simplicitur, processmoduarity occurswhen asystem’ s process
dynamics can be expressed as a product of its intraamoduar and inter-moduar processdynamics,
andagainwemay havebothH andV processmoduarity foll owing anal ogous constraint definiti ons.
A serial computer completing a programme with nested iteration loops must exhibit V process
moduarity while aparale distributed processng macdiine must exhibit H process moduarity
(though in bah casesthe other moduarity may also be present). With ou currently severely limited
cgpadty to model the dynamics of complexly organised systems, it is often more useful to diredly
model system processes and then process moduarities typicdly provide important insights into
system function. Moduarities of communicaion and dedsion making within a business
organisation,e.g., reved waysthat itsmembersdo nd interad which may provideimportant insights
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into bath its capadti es and limitations. (For aparticularly important classof cases ®ethe ultimate
paragraph of this edion. But, so far as we can see al H process moduarity arises from and
requires appropriate Hmoduarity and similarly for V processmoduarity. So we proceed to d scuss
H and V moduarity, treding process moduarity as derivative on these, while recognising the
importance of processdynamics to autonamy and so to all AAA systems.

Moduar systems have internal cohesive structure that constrains g/stem dynamics. These
constraining cohesions are required for both regul ation and control relationships within the system,
which themselvesimpaose further variable constraints onsystem dynamics.®® Vmoduarity resultsin
system levelswhich in general produceverticd control asymmetry. A higher level constrains|ower
level dynamics (as a aystd lattice onstrains the behaviour of its atomic constituents), will often
regulateit through feedbadk (e.g. coherenceof crystal vibrations) and sometimesit will aso control
the lower levelsin important respeds (top-down control, e.g. brain control of muscle). But it will
also typicdly be true that lower level dynamics will constrain higher levels (as eledron abital
dynamics constrainscrystal angles), may regulate them through feedbadk (e.g. caaysisof chemicd
readions) and might control certain aspeds of the higher level (bottom-up control, e.g. indired
control of volume Hebbian leaning through locd NO release). Andfor many propertiesit might be
the case that there isno control asymmetry involved, simply mutual constraint through interadion,
e.g. of oscill atory behaviour in asystem of small oscill ating springs conneded to a ommonrigid,
but moveable, bar. Thislatter interadion-only condtionwill bethe cmmmoncase anong Hmoduar
comporents at the same level, e.g. among cdls of the same organ. Whenever there is a control
asymmetry we shall spe&k of hierarchy relationships, with the diredion d the hierarchy being the
diredionof control asymmetry (cf. Eldredge, 1985 Salthe 1985 Dyke' susageisconfinedtotherare
spedal case where mnstraint is one-way only, Dyke, 198§. Commonly among living and human
engineaed systems a hierarchy is gedfied by assmbling cohesive cmbinations of Hmoduar
comporents, e.g. bulding organs from cdls and bodes from organs. But it is possble to have &
least dynamicdly distributed feedbadk regulation that doesn’t require Hmoduarity, e.g. the
distributed rate dependency phase separation d Belusov-Zabotinsky chemica readion structures.

Some explanationfor themodu arity feaures of living systemsisin order. Onepassble explanation
is that the dynamics of self-organisation itself leals inevitably to an H and V moduar form of
organisation. Whenever new enformation is produced through self-organising processes, that
enformation is distributed in the form of large scde temporal and spatial correlations within the
system. This amourts to a new level of organisation that did not exist in the system before locd
adivities becane globally coordinated. This does nat imply that the system organisation must be

%9 We distinguish between constraint, regulation and control asfoll ows: Constraint refersto
any dynamicdly based restriction onsystem accessto regions of its date space regulation to
constraint satisfadionthrough dynamicd feelbadk rel ations (asoppacsed to simply eventuating from
the stability of the unperturbed dynamics), and control to regulation oldained by a process of
comparing relevant system state aondtions with areference @ndtion,and generating a crreding
feedbadk signal acaordingly. We do na pursue these important distinctions further here, na the
subtleties of dedding which oltains (as oppased to system behaviour asif it obtained).
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moduar; e.g. asystem consisting of asingle Bénard cdl will show global organisation, bu has no
modues, H or V. Many other classc disgpative structures s1ow nomoduarity. Nonetheless many
do, simply as aresult of their dynamics. Typicdly, as the system self-organises, it fragments into
cdls, which in turn self-organise, and so on. In the cae of Bénard cdl formation, e.g., an
arrangement of many small er cdls providesfar more dficient hea convedion (and so disspation)
than does one large cédl and so as the Bénard system is forced more strongly it forms cdls of
dynamicd necessty. Ancther possble explanationfor moduarity isthat theoriginsof living systems
involved the separate evolution d different modues that gained a competitive alvantage by
organising together. This theme is now common in arigin o life scenarios (Eigen and Schuster,
1979 Wicken, 1987, andisalsoapopuar explanation o some aspedsof thestructure of eukaryotic
cdls. Holland locates the reason for this charader principaly in the power of crossover and
transpositionin genetic dgorithms(Holland,1992). Thisacourt placesthe explanationin historica
circumstances alied with genetic constraints. It explains why cooperation was superior to
development of the same functions independently because of the alvantages of distributing
adaptation among trait-producing modues rather than waiting for useful gene cmbinations to
emergewith an atherwise disorganised whale. A further possble explanationlooksto thefunctional
advantages of distributing work among modues rather than exerting central control over otherwise
disorganised parts. As noted abowve, the alvantages probably derive from resources saved o freed
up for other uses. (Cherniak, 1983,for example, provides a nice agument that memory storage
shoud be somewhat, bu not too, moduar for efficient retrieval.) There may be other advantages as
well. In sum, because of the systematicdly interrelated pcssble states moduarity econamicdly
provides, moduarity is essential to the kind d co-ordinated functionality possessd by AAAR
systems but most likely dynamicd, historicd and functional considerations are dl involved in
explaining the prevalence, and particul ariti es, of moduar organisation.
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Nonetheless it isimportantly also typicd of living systems that their moduarities, bah H and V,
are approximate only, bah through interpenetration o cohesive structures (e.g. theinterpenetration
of thehormonal and cardio-vascul ar sub-systems) but moreimportantly through cohesive structures
being modifiable, andmodified, asa cmnsequenceof system dynamics. Theoperation d thenervous
system, for example, profoundy aff edsthat of thehormonal system, and viceversa, withthe dfeds
not just confined to their states within fixed neural and hamona dynamics but includes these
dynamics themselves (e.g. through new neural connedions and changed glanduar production
relations). Thisiswhere aprocessdynamics gedficaion may be of particular use, since process
organisation may be preserved aaoss sich changes - indedl, it may be that the dhanges occur
predsely to ensure that (as when the body aters its locd physiology to suppat a higher order
process in switching to fat consumption undr performance stress or stimulating new dendritic
branching to satisfy reward demands). Sometimes moduarity shifts gedacularly, as in the
emergence of a new maaoscopic, internally spedalised form from aggregation d individual
identicd cdlsin the slime mould Dictyostelium uncder starvation conditions (Garfinkel, 1987 cf.
Herfel and Hooker, 1998 thisis also an example of preserving higher order reproductive process.
To reduce @mplexity andincrease eae of regulation a control, currently we largely design such
plasticity/flexibility out of engineered systemsin favour of rigid moduarities.

I X. Adaptation and Anticipation

We conclude our discusson by bringing adaptation into the dynamica information framework we
have establi shed. Construed generally, the processof adaptationisasystem-environment open-loop
interadion that yields s/stem modificaion such that system unity is at least preserved and system
autonamy andinternal system informationincreases. We shall say that a system with a cgadty for
that processis adaptive in that resped and cal the resulting system modificaion an adaptation.
Recdlingour discusson d 8lI, adaptationsmay involve ather systemre-organisation,e.g. thosethat
result from asgmilation d new perceptual information, a system self-organisation, e.g. those
resulting from perceptua acoommodation a appropriate genetic change. From this principled
perspedive we may consider all these generalised ‘leaning’ processes. Indeed, even if we restrict
this term to self-organisation it will comprise both genetic dgorithm processes and various
psychologicd processes. Various versions of aunified conception o evolution and ortogenesis of
thissort have been claimed or suggested (cf. Bickhard, 1995 Edelman, 1987 Hooker, 1995, 1996
Plotkin, 1987, 1991, 1994houwgh the spedficrolesof al of there- and self- organisation processs
isultimately an empiricd matter. Since anadaptation reed na bedeep or espedall y complex, though
it oftenis, adaptation varies smewhat independently of system compl exity, order and arganisational
depth. Adaptation introduces the first semantic nations into information theory, in the form of
significance, so that something more immediate can be interpreted as a sign of something else
(Bickhard 1993, KAppers, 1990. Typicaly, for example, adaptive behaviour is not direded
immediately at self-preservation, bu only through some means whaose significanceistheincreased
likelihoodof self-preservation. For example, the functional significanceof foodseeking behaviour
isthat foodisrequired for life and reproduction’.

0 This is a cmplex relationship, much of which is implicit for the adaptive systems
concerned. Roughly, themeaning of asignal for such asystem iswhat they dowithit, itsanticipative
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In evolutionary theory atrait isan adaptationif the processproducing it involves esential reference
to what having the trait achieves (in terms of preservation d the lineage). This may be anarrower
conceptionthan that above and, whil eit may be seen asappropriatefor the AAA R systemsinvolved,
it is unclea how to spedfy it in a principled manner. (Rather, it invites etiologicd talk of the
purposes of functions, which quickly becomes a morass Christensen 1996) Any trait that is
produced by natural seledion is an adaptation. The converse is more a@ntroversial. Orthodox
biologicd theory assertsthat al or nealy all adaptation results from natural seledion, to the point
that an adapted trait isnot considered an adaptation uriessit has been seleded. If thetrait ismerely
there and heppensto aid survival, it isjust that, and not an adaptation; it is sid to be adapted (or,
confusingly, adaptive). However, this restriction is questionable and impassble to spedfy non
arbitrarily; it would again bebetter replaced by aprincipled dstinction,such asthat above. However,
adaptation as an evolutionary processin alineage is traditi onall y distinguished from adaptation as
developmental, physiologicd and kehavioural processesin anindividual organism (Burian, 1992
West-Eberhard, 199). But as we have shown, the two senses can be unified by subsuming bath
processes under agenera principled concept of enhanced informationandautonamy which perform
the same ultimate function for lineages as individual adaptation performs for organisms. Indeed,
fromthisperspedivereproductive cgadty andadaptiveness ‘AR’ of AAA R systems, arenecessary
(and dausibly sufficient) condtions for lineage aitonamy.™

Adaptationimpliesa correlation between what isadapted anditsenvironment, whichinturnimplies
mutual informationwith the environment, cal ed theinfor mation of adagation (Colli er 1997, 1998
Ward 1989. A measure of the complexity of adaptation d asystem, thisinformation dacescertain
constraints on the system-environment super-system that enhance system survivability by making

content. If for system S signal | initiates adion a then the meaning of | for Sis ‘Thisis an a-
appropriate environment’. Note that onthis acoun the informationin asigna isafunction d its
downstream moduation d resporse, as oppased to the traditional upstream sender state, a shift
which solves many problems whil e aising naturally from systems operation. The adievement of
adetadhed charaderisation o sender statesisasophisticaionthat only ariseswith the a-ordinated
extension of higher order anticipative antrol. This notion satisfies the ShannonfWeaver definition
of signal information sincesignals appropriately reduceuncertainty of system response and to that
extent can be used to control resporse. For amore detail ed treament of informationin asigna as
afunction d itsdownstrean moduation d resporse (as oppased to the traditi onal upstream sender
state) seeBickhard, 1993,Christensen and Hooker, 1997, b. For atreament of informationas a
sign, foll owing suggestions by Carl von Weisadker, seeKppers, 1990.

L In this way we provide aprincipled basisin ou analysis for the Ghiselin/Hull notion o
spedesasindividuals, see(Ghisdlin, 1974,1987 Hull, 1976, 1978, 1990However, in ore aucia
resped they canna have the full functional autonamy that individual phenotypes enjoy, namely to
recave fealbadk from their (temporaly extended and variegated) environment which can be
evauated for its effediveness in suppating autonamy. Environmental feedbad can orly be
evaluated by individual phenotypes and orly derivatively by lineages, it canna be evaluated by the
lineage acting as anintegrated individud.
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strategiesthat lead to destructionlesslikely, andstrategiesthat lead to self preservationmorelikely.
Theinformation d adaptationisamutual constraint between the system and its environment that
shapes the fitness landscape for the system’s survival. The solution o problems posed by the
environment requires the production d the information in these constraints. This can come ébou
either through chance alaptation, a through a more inventive anticipatory process The latter
enhances adaptability, bu it requires greaer informational resources, bah in terms of complexity
and depth (organisation).

While in genetic evolution environmental information constrains the genetic information that
survives by ading asafilter, panseledionist evolutionishighly idedi sed; infad not al uselesstraits
are elimi nated, and the most adapted traits do nd necessarily survive. Evolution can go faster than
genetic equili brium is readed, allowing nonoptimal traitsto survive, asis siggested by the wide
phenatypic diversity of most spedes. Thislatter can be an advantagewhere adaptabilit y isconcerned
(Collier, 1997 1998, bu is to be mntrasted with the athievement of behavioura adaptability
through endogenouwsly direded re- and self- organisation (Hahlweg and Hooker, 1989,Christensen
andHooker, 1997, b). If evolutiontradksthe optimal fit between lineage andenvironment, then the
lineage staysin genetic equili brium with the environment, andthereislittl e or nogenetic variability
toall ow for changesin adaptive strategy. (Although an oggimally adapted spedescould dynamicdly
alter its environment so that alocd fitness maximum becane instead a sadde point, permitting
further fitnessascent.) Ontheother hand,if evolutionisnot optimal it i snot entirely environmentally
driven, and pcssbiliti esarisefor increasing theinformation o adaptationthrough self-organisation
in adaptive space This might happen, for example, through combinations of prior adaptations
(Conrad, 1997), or through the alaptive martialling of pleiotropies (Baaz, 1997, though neither
Conrad' snar Badz' formulation dstinguishesnon-optimal evolutionfrom the previousoption. The
extent to which nonoptimal adaptation accursisan empiricd isaue that requires quantificaion o
the relative strengths of seledive and aher self-organising forces to resolve.”

Ontogenetic (developmental-psychologicd) adaptation is Smilar to evolutionary adaptation in
requiring increased mutual information with the environment and again re-organising and self-
organising procesesare aleto producenew informationto beseleded. Inthe cae of psychadogicd

"2 Such self-organising forces may include spedation undr segregation o gene flow in a
popdation resulting from geographicd isolation and/or socia differentiation, dher forms of
popdationisolation permitting groupseledion, fixation d grouplevel properties, etc. —seeMayr,
1982, 1988 onisolating medanisms, Brooks and Wiley, 1988 208, 215218; Brooks and
Madennan, 1991, Salthe, 1993 Goodwin, 1994.0f course, there may also be seledion for
speaation, as when hybrids are seledively removed in favour of the pure forms (homozygotes),
whether the seledionisinternal (e.g. hybridsrefuseto mate, or can’t produceoff spring), socia (e.g.
hybrids kill ed by pures) or environmental (e.g. hybrid predation higher). At present, there has been
littl eempiricd work to quantify the strength of seledioninrelationto self-organisation; it ismerely
presumed to be dominant. It is intriguing, though, that members of several ancient, long-lived,
widely and hanogeneously distributed pine spedes do nd sean to be optimally adapted to locd
condtions - seeMatyas, 1989 1996 Matyas and Y eaman, 1992.
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adaptation seledion on vcariant representations of possble strategies in expeded environments
(Bickhard, 1995 Campbell, 1974H plays a ceantral role and providesit with dstinctively powerful
articulation and wsefulness with self-direded vicariant leaning playing aparticularly striking role
(Christensen andHooker 19974, b). Perhapsthebulk of the adaptivenessof thinking organismsover
their unthinking competitors resides in this cgpagty.”

Whil e adaptation daes nat require increased complexity or organisation, it produces both through
the production d the information d adaptation. Conversely, the main advantage of complex
organisation comes from its contributions to adagahbility. Adaptability is sscondand hgher order
adaptation, the cgadty to adapt adaptations. It is advantageous in variegated environments (both
spatialy and temporally) sinceno one alaptation can be but temporarily effedive. Adaptability is
inextricably linked to information processng ability (Conrad, 1993 andthrough that it isintimately
linked to intelli gence (Hooker, 1995b Colli er, Christensen and Hooker 19971). Whereas adaption
tends to constrain expresson d traits and behaviours to those that are functional in a given
environment, adaptabilit y permitsthe seledion d traitsand kehaviourswith bah greder variability
andgreder spedficity, thereby achieving the advantagesof bath nonroptimal and ogimal adaptation.

Adaptabilit y hasbeen operationall y defined (Conrad, 1993 asthe uncertainty of the most uncertain
environment it can tolerate. However this fails to dstinguish between genuine alaptability and
merely increasing system stabilit y by closing off the system asmuch aspassble, renderingit, stone-
like, impervious to interadion. Genuine alaptabilit y requires that toleration shoud be understood
in terms of autonomy: system self-maintenance d a level sufficient for system survival. (This
depends onthe identity conditions of the system.) Adaptability is then enhanced by increasing the
uncertainty of the most uncertain tolerable environment, which requires buil ding feaures into the
regulatory design of the system correspondng to as wide-ranging dynamicd patterns sared by the
classof tolerable environments as posshble and wsing these asthe basisfor anticipative alaptations
in resporse to locd, short-term perceptual information. Whil e the latter represents an immediate,
short-term increase in the information d adaptation typicdly concerned with organisationally
shall ow fedures, the former represents a aucial long-term extradion d mutual i nformationwhich
corresponds to much more deeply organised environmental feaures. This kind d information
requiresin turn complex organisation within the system to expressit. So we aciate increasesin
adaptability with increases in organisationa depth, with the greaest adaptability expressed in
cognition. Moreover, responsivenesson this basisis clealy strongly anticipative, the system uses
itsinvariant patterns and current information to anticipate the aurrent course of events and so adapt
acordingly (typicdly, bu by no means exclusively, behaviourdly), with the strongest

3 A variant on Vicariant seledion is the neural seledion o Edelman (1987). If, as with
concepts and principles, we mnsider the gene type, rather than the individual gene instances or
tokens, then we may regard phenotypes as vicariant life forms on which seledion ads as the gene
types seach for better vicariants; then vicarianceis nat unique to psychologicd adaptation, bu the
use of neural resources for constructing vicariants, e.g. logicd constructions, is.
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anticipativeness found in cognition. Finally, self-dirededly organised adaptability of this kind
provides the founchtions for system intentional behaviour.”

X. Conclusion.

Dynamicd systems show a bewil dering variety, many of them with highly compli cated charaders
and cgpadties. We have amed to bring some principled order into this variety, and to provide a
principled basisfor the analysis of dynamicd system cgpadties. In particular, we have focussed on
developing a principled basisin dynamica systems for understanding the caadti es of autonamy,
adaptiveness and anticipation which, as we understand it, are the root cgpadties for life and
intelli gent systems.

Autonamous systems show all the hallmarks of life andintelli gence The essence of theliving cdl
isitsability to adively maintain aphase separation between itsinterior and exterior of akindwhich
permits compensatory regulation over what passes through its boundary and in away that permits
self-maintaining regulation d interna production and reproduction, including this boundry-
maintaining regulatory cgpadty itself —i.e. its esenceis its autonamy. This basic autonamy is
arealy highly organisationall y complex andintrinsical y anticipativeinitscompensatory dynamics,
which aso providesit with its adaptive cgadties. Moreover, because of its reproductive cgadty
it belongsto ali neagewhase aitonamy derivesfrom cdl ular adaptivenessandself-reproductiveness
Similarly, at a higher degree of organised complexity, intelligent systems display complexly
organised internal control of anticipative response, condtionalising it on many subtle signals and,
to the degreetheir control isitself adaptable, they are aleto modify it andthuslean, with the most
deeply organised systems capable of self-diredingleaning (leaning how to lean). Their resporses
are aimed at solving a problem normative for them: How to ad so asto maintain or enhancetheir
autonamy, for that isasine quanon d their continuing identity asthat kind d organised system. If
we asume that they have & least oneway to evaluate their successor faillureinthis, that is, at least
one reward signal (e.g. pain/pleasure), then they already display an epistemic relation to their
initi ating signals, taking a signal to signify the gopropriatenessof their anticipative resporse to it
(downstream moduation) for thisend, abou which they could bein error. (Thisiswhere lineages
part company from phenatypes as individuals.) In this manner they generate for themselves a
semantic content for asignal, namely what isthus sgnified. (epistemicdly their endisto maintain
or enhance reward, whil e its dynamicd groundis to maintain or enhance their autonamy.) And,
combining self-direding adaptability with epistemic semantics, they display basic intentionality.
(Note that on this acournt contemporary computers, which are wmplex nonlinea dynamicd
systems clamped to on'off performance, are nat intelli gent or intentional systemsat all becausethey
ladk autonamy, having no self-significant, epistemic functioning of their own bu rather being
entirely derivative from our attributions of content to their statesin virtue of our uses of their formal

4 But putting together a aherent, well founded acourt of intentionality focussed onsystem
organisational designisa mmplex task; itsbeginningscan befoundin marrying system-constructed
signa semiotics or significance (seenote 70) with system organisation as discussed here and in
Christensen 1996,Christensen, Colli er and Hooker 1997a and applying to it an analysis of system
heuristics (Christensen and Hooker 19974, b, 199§.
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functions; because of their grosdy simplified dynamicsthey are misleading models of what it isto
beintelli gent or passessamind.) This provides, we believe, the principled basisfor aredistic and
powerful conception d intelli gencein general, with human intelli gence properly seen as a partia
spedal case.”
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