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Abstract 

Basic problems of complex systems are outlined with an emphasis on irreducibility and dynamic many-to-many 
correspondences. We discuss the importance of a constructive approach to artificial reality and the significance 
of an internal observer. 

1. Introduction 

For over hundred years, scientists, above all, 
physicists have tried to understand the complex- 
ity of nature, by decomposing it into simple pro- 
cesses that can be dealt with by simple theories. 
This strategy is often referred to as “O&ham’s 
razor”. It was regarded as ideal, in modern sci- 
ence, to describe a system in terms of a small 
number of parameters, variables, equations, etc. 
In a strict sense, however, the reduction to a sys- 
tem with a small number of degrees of freedom 
is not always possible. Then, one may introduce 
a “noise” term instead, in order to take residual 
degrees of freedom into account. 

In statistical physics, this reduction was suc- 
cessful because of the introduction of appropri- 
ate order parameters. Even when a system has 
many degrees of freedom, it can often well be de- 
scribed by a macroscopic order parameter with 
a corresponding noise term, as can, for exam- 
ple, be seen in equilibrium statistical mechanics, 

linear-response theory, system-size (omega) ex- 
pansion [ 2,3 1, and slaving principle [ 41. 

A related paradigm is the use of a “mode”. 
Here a system is assumed to be represented 
by the superposition of some modes, like the 
Fourier modes. In solid-state physics these are 
attributed to some excitation, termed as “- 
on’s”. The use of modes is powerful as long 
as the system can be approximated by a linear 
one. In dynamical systems, it is also successful, 
even if the system is nonlinear, as long as it is 
not chaotic. It can be employed, for example, 
in quasiperiodic motion on a torus and in the 
representation by solitons. 

The reductionists’ pictures have been chal- 
lenged by the discovery of chaos. First, the 
amplification of a tiny perturbation in chaos 
implies that the separation between microscopic 
and macroscopic levels is no longer possible. 
Second, the picture of “modes” is not straightfor- 
wardly applicable to chaos: Even if a system has 
just three degrees of freedom, it can implicitly 
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include continuously many modes. For exam- 
ple, a chaotic system cannot be represented by 
a linite number of Fourier modes. A one-to-one 
correspondence of simply chosen coordinates 
(such as Fourier modes) to original variables is 
no longer valid here. Complexity in grammat- 
ical rules to characterize chaos is discussed in 
detail by Crutchfield in the present volume. 

Another challenge to the traditional picture 
can be found in a system called spin glass, which 
originated in the statistical mechanics of spin 
system with random interaction [ 61. In relation 
with the phase transition problem, physicists 
searched for order parameter(s). However, a 
detailed theoretical analysis shows that the or- 
der in the low-temperature phase is represented 
only by a functional of order parameters, rather 
than a finite number of them. Indeed, in the 
neural network model based on the statistical 
mechanics of nonhomogeneous spin systems 
(often called as Hoplield model), a one-to-one 
correspondence between an interaction code 
and an attractor is no longer valid, when the 
number of stored input patterns is larger than a 
certain threshold. In spin glasses, the correspon- 
dence between an interaction and an attractor 
(or a thermodynamically metastable state) is 
highly complex, while, the sample dependence 
(i.e., dependence on the choice of couplings) 
remains finite even in the thermodynamic limit. 

Thus the one-to-one correspondence between 
states and representations is challenged statically 
by spin glasses and dynamically by chaos. We 
need some framework to deal with the dynamical 
change of relationships among elements. 

2. Logic for dynamic many-to-many 
correspondences 

Let a system be composed of many dynamic 
elements, and chaotic motion be assumed in the 
system. Then any perturbation put in one ele- 
ment can be transmitted to other elements with 
amplification. In this situation, a chain of causal 

relationships can bring about unexpected results 
[ 12,9]. (A Japanese proverb for such a ‘strong’ 
causal connection is “If the wind blows strongly 
then (finally) bath tubs sell well” [ 12,9].) The 
reasoning is the following: ( 1) If the wind blows 
strongly, the number of blind people increases 
due to the dust entering in their eyes. (2) If so, 
they try to earn money by playing a ‘shamisen’ (a 
traditional Japanese musical instrument made of 
cat’s skin). (3) If so, the demand for ‘shamisen’ 
increases. (4) If so, cats are hunted recklessly. 
(5) If so, cats extremely decrease in population. 
(6 ) If so, mice increase in population. (7 ) If so, 
(wooden) tubs are gnawed by mice. (8) If so, 
tubs are sold well. 

One of the authors (KK) encountered such 
situations when working with coupled map lat- 
tices [ 161 or networks of chaotic elements [ 171. 
In a coupled map lattice with chaotic dynamics, 
a tiny perturbation at a lattice point is amplified 
to nearby elements. A macroscopic order corre- 
sponding to the dissipative structure [ 5 ] can ap- 
pear, but again be destroyed by the chaotic dy- 
namics until a next ordered structure appears. In 
a network of chaotic elements, clusters of syn- 
chronized oscillations may appear. Identical el- 
ements can differentiate due to the orbital in- 
stability in chaotic dynamics. This mechanism, 
called (dynamical) clustering, is commonly seen 
in globally coupled dynamical systems. Futher- 
more, the members of a strongly correlated group 
change in time, leading to a ceaseless change 
of relationships (see Kaneko in the present vol- 
ume). Clustering and collective behaviors can 
also be seen in globally coupled oscillators as 
studied by Nakagawa. The synchronization be- 
tween external (limb’s) and internal (neural) 
oscillations is essential to the model of bipedal 
locomotion by Taga in this volume. 

Besides in chaos research [7], the use of 
one-to-one correspondence has been challenged 
in many branches of science. In brain science, 
the hypothesis of a grandmother cell has been 
doubted. Such doubts have led to the notion 
of a distributed representation of information, 
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and the research of neural networks related with 
the spin glass theory. However, such challenges 
remain at a static level. In contrast with the 
static logic, the necessity of a dynamic logic has 
been postulated by Malsburg, Vaadia, Aertsen, 
Dinse, Freeman, one of the authors (IT), and 
so on (see the papers by Tsuda, Aertsen, Dinse, 
and Freeman in the present volume). 

In an ecological system the necessity of a logic 
that grasps a complex system without reduction 
to an ensemble of simple elements has been 
stressed by Elton [ 81. Kawanabe has pointed 
out the necessity of a logic to represent the 
above Japanese proverb. Indeed it is known that 
in some ecological systems there are keystone 
species, a removal of which strongly damages 
the whole ecosystem 1 . 

Ikegami and one of the authors (KK) have 
studied a population dynamics model with many 
types of hosts and parasites, which are subjected 
to mutations. In a weak coupling regime, a one- 
to-one relationship between a host and a par- 
asite holds, while dynamic many-to-many rela- 
tionships between pairs of hosts and parasites 
emerge in a strong coupling regime, together with 
the maintenance of a high mutation rate. We 
note that the resulting ecology is dynamically 
stable, sustained by a high-dimensional chaotic 
state, in contrast with the strong instability in a 
low-dimensional chaotic population dynamics. 
Some theory for dynamic many-to-many corre- 
spondences is required to allow for the diversity 
in an ecosystem. 

In the present proceedings, Yomo presents the 
dynamic clustering of E-coli, bacteria. Even if 
these bacteria have identical DNA, they dynam- 
ically differentiate. The one-to-one correspon- 
dence between a genotype and a phenotype is in- 
valid here. A novel mechanism for the differen- 

’ This does not mean that such ecosystems are dominated 
by (few) keystone species. A role of a keystone species 
implicitly emerges within an ecological network, through the 
amplification of tiny causes as illustrated in the Japanese 
proverb. 

tiation of cells is proposed, based on the idea of 
dynamical clustering (see Kaneko and Yomo). 

Let us recall the history of Japanese literature. 
About three hundred years ago, it was popular 
to have ceremonies during which Haiku’s (short 
poems) were recited. The ceremony staged po- 
ets who made poems in succession, following the 
previous poem by somebody else. A poet “inter- 
prets” the previous poem by him (her) -self. This 
interpretation, of course, may be different from 
the original poet’s. Thus mis-interpretation is en- 
hanced successively, but as a whole the sequence 
of poems forms some art more aesthetic than 
that created by a single poet. This process con- 
sists of the dynamic amplification of small devi- 
ations. “Collective” art at a higher level emerges 
as an ensemble of poems. One might think that 
this process is just a kind of bottom-up approach 
to collective art. This is not necessarily true. To 
address this problem, let us re-examine the top- 
down and bottom-up approaches. 

3. Top-down, bottom-up, and emergence 

There have been long debates between the 
top-down and bottom-up proponents in artiti- 
cial intelligence and neural networks. In both 
approaches, it is assumed implicitly that the top 
level is represented by a few degrees of free- 
dom, while the bottom level may involve a huge 
number of degrees of freedom. In the bottom- 
up approach some kind of “order parameter” 
constructed from the lower level is viewed as 
a representation at a higher level, related with 
some macroscopic behavior. In the top-down 
approach only a few instructions are sent as 
messages to lower-level elements. 

As a natural compromise between these ap- 
proaches, the inclusion of a weak feedback be- 
tween the top/bottom levels has been proposed. 
An example is given by a simulation of ants with 
pheromone [ 151. In the simulation, an ant emits 
pheromone when it has food, while other ants 
are attracted by pheromone through their mo- 
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from the bottom level, but it is not necessar- 
ily represented by a few degrees of freedom. An 
ecosystem like Ray’s TIERRA, with species of 
programs, is not necessarily represented by a few 
sets of features. Species with different proper- 
ties appear successively in a specific condition. 
In the paper by Palmer, a stock market is formed 
as a higher level. 

The term “emergence” is often used as sponta- 
neous appearance of an upper level description 
without explicit instruction for it [ 191. If the up- 
per level is represented by a few order parame- 
ters, the term “emergence”, in this case, is just 
a rephrase of a dissipative structure in nonequi- 
librium statistical mechanics, or a collective be- 
havior in equilibrium phase transitions. When 
the upper level is not represented by a few de- 
grees of freedom, however, the emergence is no 
longer trivial. 

The term emergence is often used when the 
behavior found in a computer experiment is not 
written in a model explicitly as an algorithm. In 
order to be an “emergent” behavior, an explana- 
tion of it from the implemented program should 
require at least as much as the information as the 
direct computation. Such “wishes” for the con- 
struction of emergence may not be rigorously ac- 
complished as long as one uses a finite-state ma- 
chine (e.g., digital computer) for a finite time in- 
terval, since the simulated behavior is obtained 
by a completely controlled program, with a fi- 
nite amount of information. As long as all the 
information is finite, it is difficult to define a be- 
havior “unexpected” from the implementation. 
Thus many people have tried to avoid this term 
in the workshop, although we tacitly feel that 
“emergence” is necessary for the understanding 
of the dynamics in brains and in biological evo- 
lution. 

There can be two possibilities to remedy the 
above impossibility of emergence. One is the as- 
sumption of the use of infinite cells or tapes 
and/or a possible use of infinite time step com- 
putations. In connection with the undecidabil- 
ity of the halting problem, it may be possible to 

tion. A collective field of pheromone is formed 
by the ants’ motion. Since the dynamics of a 
lower-level unit (an ant’s motion) is governed 
by the higher-level dynamics (collective field of 
pheromone), this scheme is analogous with the 
Prigogine’s dissipative structure [ 5 ] or Haken’s 
slaving principle [ 41. 

In these approaches the relationships between 
elements are fixed. Although it may be possi- 
ble to introduce nontrivial dynamics (e.g., in the 
ants’ motion or in the field of pheromone), the 
behaviors of each element are passive and totally 
susceptible to a higher-level. 

Most papers in the present proceedings adopt 
a different approach in the following senses. 
First, the top level is not necessarily represented 
by a few degrees of freedom; second, the rela- 
tionships between elements at a lower level can 
often change dynamically. At first glance, the 
first point may just look like a complication. 
This is not necessarily so. Even in the midst 
of highly disorganized states, ordered motion 
governed by a few degrees of freedom often 
emerges, which, however, does not last for ever 
due to the second point (the dynamic change of 
relationships). Again, high-dimensional motion 
comes back, until another structure emerges. 
This mechanism, called chaotic itinerancy 
[ 17,23,13,24], can replace the views of the top- 
down and the bottom-up approaches. In a net- 
work of chaotic elements, for example, the order 
at the top level is destroyed by a chaotic revolt 
against the slaving principle [ 171, in contrast 
with passive elements in traditional approaches. 
In the dynamic neural network model by one of 
the authors (IT), the chaotic itinerancy leads to 
a spontaneous recall of memories [ 13 1. A simi- 
lar dynamical behavior is also observed in real 
brain activities. In the present proceedings, this 
topic is studied in the papers by Tsuda, Aertsen, 
Dinse, Freeman, and Nozawa. 

In the population dynamics model mentioned 
in Section 2 [ 18 1, the higher-level corresponds 
to the collective dynamics for survival as an en- 
semble of many types. This higher level emerges 
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have emergence by taking an infinite-step limit. 
The other is the introduction of uncontrolla- 

bility up to an infinite precision. Let us recall 
the Japanese proverb; given the strong wind, the 
outcome that the tub is sold well is rather unex- 
pected. To explain this process, we have to fol- 
low each step of the reasoning, which itself is 
easily affected by a small error. The outcome, in 
this case, can be emergent behavior. By the in- 
troduction of an analog computer with chaotic 
dynamics and/or error in it, one may thus ex- 
pect the occurrence of emergence. We note that 
notions of computability in a real-number ma- 
chine, discussed by [25,26] in connection with 
chaos, may be essential to explore this possibil- 

ity. 
Another way for the introduction of uncon- 

trollability may be the introduction of a quan- 
tum mechanical computer, as is discussed by 
Conrad. 

Even in our digital computer of finite re- 
sources, there can be some hope. Chaos, for 
example, cannot be simulated rigorously by 
any digital machine: As long as a state in the 
machine is finite, the dynamics becomes peri- 
odic (Poincare recurrence), finally. Still, we can 
grasp the features of chaos (by taking the limit 
of infinitely many states) in a digital computer. 
In a similar manner, emergence may be defined 
by taking the limit of infinitely many states from 
our digital machine. To understand the nature 
of this limit, we need to make more efforts to 
construct a model with some kind of emergence, 
and also some mathematical studies on the rela- 
tionships between digital and other computers. 

4. From a descriptive to constructive approach 
of nature 

Structural stability [ 271 had been presented 

model may lead to behaviors with different char- 
acteristics from real solution%. This is why such 
a system is believed not to be a good model 
for nature. However, structural instability can 
widely be seen in a nonlinear system including 
chaos. For example, chaos in the logistic map 
x’ = ax (1 - x) cannot exist in an open inter- 
val in the parameter space a. This means that 
a map with some fixed parameter has no topo- 
logical equivalence in any neighborhood of that 
map, thus implying structural instability. 

Chaos may have another transcendental na- 
ture. In some cases with non-uniform hyperbol- 
icity, chaos may lack the pseudo-orbit-tracing 
property [28] 2. If so, this means that indi- 
vidual orbits in chaos cannot be traced by 
experiments or by numerical simulations. It 
is still questionable if a whole attractor, i.e., 
a strange attractor itself can be traced in ex- 
periments. At least one counter-example exists 
against the assertion that a strange attractor it- 
self is traced. In some chaotic systems such as 
the Belousov-Zhabotinsky reaction map, chaos 
looses characteristics such as topological and 
measure-theoretic quantities, affected by noise, 
and consequently order that does not exist in 
any neighborhood of the original system ap- 
pears [ 301. A drastic change appears in the case 
of somewhat large noise, but the calculation of 
the Kolmogorov-Sinai entropy implies the cre- 
ation of different chaotic systems even in case 
of infinitely small perturbations. This so called 
noise-induced order [30] has been interpreted 
in terms of an observational mismatch between 
the system’s inherent observation window, i.e. 
Markov partition, and the external observation 
window forced by noise. 

A complete description of chaos needs an in- 
finite amount of information. By a slight change 
of coding, in the case of a chaotic system, the de- 

and recognized as a necessary condition of a 
real model, before the significance of chaos was 
appreciated. On the other hand, for a system 
with structural instability, a slight change of the 

____ 
* For an example in a nonhyperbolic system, see e.g. [29]. 
So far we do not know a clear mathematical statement on 
the breakdown of the pseudo-orbit tracing property. See 
[30] for a possible example found heuristically. 
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scription of the system as, for instance, a finite 
automaton can change drastically. 

Crutchfield has dealt with chaos as a class of 
various levels of finite automata. The input in- 
formation is hierarchically classified as a lan- 
guage accepted by a machine that is constituted 
of chaos with a finite observation window and 
observed symbol sequences. Then, chaos appears 
as a kind of a finite automaton according to 
the respective observation window. One of the 
authors (IX) also discussed the dynamics of 
a coding scheme in a network of chaotic ele- 
ments, where the coding tree of observed symbol 
sequence changes forever [ 17 1. Any difference 
in the observation precision leads to a crucial 
change of the dynamics [ 201. 

Thus chaos manifests itself in various forms, 
depending sensitively on its description. By 
these observations, one of the authors (IT) has 
introduced the term “descriptive instability”, 
although further studies are necessary for its 
mathematical definition. 

Noise-induced order, a coding tree in the net- 
work of chaotic elements, and Crutchfield’s E - 
machine have introduced novel viewpoints with 
regard to the ‘observation’ or ‘description’ in 
complex systems. Thereby, one may notice the 
need of a more extended concept than structural 
(in)stability in order to capture legitimately all 
the features of complex systems. Here, what we 
need is not a concept representing the system, 
but a concept about an ‘observer’ describing 
the system. Noise-induced order means that a 
change of the description of chaos brings about 
a distinct phase of chaos due to the “descriptive 
instability” of chaos. 

The notion of “descriptive instability” raises 
a question about the validity of a descriptive 
way of modeling. Since a one-to-one correspon- 
dence is not possible for each elementary pro- 
cess, a descriptive approach that always accom- 
panies analysis is not always relevant for the un- 
derstanding of a complex system. 

In physics, we are used to adopt a descriptive 
approach; for example, an equation at a macro- 

scopic level (like the Navier-Stokes equation) 
is approximately derived from a microscopic 
level (like the Newtonian equation of many 
particles), and then numerically simulated. 
Conventionally, a model equation in physics is 
believed to have a one-to-one correspondence 
with the phenomenon concerned. 

Studies on chaos, however, may lead one to 
question this traditional picture of nature. Let 
us take the example of chaos in fluid dynamics. 
If one carries out a splendid numerical simula- 
tion on sets of equations with the velocity and 
temperature fields (e.g., Navier-Stokes equation 
with buoyancy and heat), one possibly can get 
the same oscillatory behavior of rolls as in ex- 
periments. Does this success give any better in- 
tuition on the origin of this strange oscillation 
than that provided by a simple chaotic system? 
The authors think that the answer is “No” for 
most scientists who know about chaos. One of 
the most important lessons from chaos lies in 
that it has opened the road to a qualitative dy- 
namical viewpoint. Low-dimensional chaos can 
provide a universal mechanism underlying the 
onset of turbulence. 

By developing further the viewpoint of chaos, 
the importance of a constructive, rather than a 
descriptive, approach has been pointed out. An 
example of such a constructive approach is the 
coupled map lattice [ 161, proposed by one of 
the authors (KK) for the studies of spatiotem- 
poral chaos, pattern dynamics, and so on. The 
model, constructed by combining some basic 
procedures ( such as local chaos, diffusion, flow, 
. . .), cannot be derived from a first-principle 
equation like in conventional physics, but it 
still has a strong predictive power for novel 
phenomenology classes in complex dynamical 
systems. 

A model cannot be exactly the same as na- 
ture herself anyway. By “descriptive instability” 
there may not be a well-defined quantitative 
“distance” between a model and nature. Thus a 
descriptive model based on microscopic knowl- 
edge is not necessarily quantitatively very close 
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to the phenomena under consideration. Even 
if a descriptive model happens to be quanti- 
tatively close to nature, in a complex system, 
it is in principle intractable to check detailed 
correspondence between the model and nature, 
numerically or experimentally. Furthemore we 
often do not need the detailed information of na- 
ture which is sensitive to the details of the mod- 
els. Rather, we are more interested in universal 
aspects robust against changes of the model. In 
other words, we go up to a higher-level descrip- 
tion which focuses on structurally stable aspects. 
Thus a qualitatively correct model which forms 
some universality class 3 is strongly required, 
for which the constructive approach is often 
more powerful. 

Through the constructive approach, one tries 
to understand how such phenomenology is le- 
gitimated, how large the universality class to be 
described by phenomenology is, and what the 
essence of the phenomena is. Only through this 
approach we can see why some type of complex 
behavior is common in nature, irrespective of 
the details, and then we can predict what class 
of systems leads to such behavior. 

5. Why artificial reality 

The constructive approach in the last section 
implies the necessity of the construction of a 
model with artificial reality. The behavior of a 
model is not easily derived analytically in com- 
plex systems. One needs computers as a heuristic 
tool, as a hypothesis generator, rather than as a 
descriptor. The activities often called “artificial 
life” belong to this class of modeling. 

Such modeling is especially necessary when 
one deals with historical phenomena, like evolu- 
tion, since it is rather difficult to understand one 
historical path, without knowing other could-be 

3 Here we use the term “universality class” as a qualitative 
class, thus, in a broader sense than adopted in statsitical 
mechanics. 

paths. Construction of a model with artificial re- 
ality provides an alternative approach when the 
traditional one faces difficulties. In the present 
proceedings, papers by Ray, Hogeweg, Lindgren, 
Suzuki, Ikegami, and Hiibler present successful 
examples, as well as the report by Fontana in 
the workshop [ 2 11. Palmer, and Yasutomi [ 221 
have shown the power of the artificial reality ap- 
proach in economics. 

Frequent criticism raised to the artificial mod- 
eling is the lack of quantitative predictions. In 
natural science, it is often presumed to be ideal to 
predict quantitative results obtained in quanti- 
tatively specified experimental conditions. Such 
a precise quantitative prediction is not avail- 
able in artificial modeling. Still, the phenom- 
ena observed in the artificial reality can provide 
a metaphor for what occurs (has occurred) in 
nature and in human society. Furthermore we 
can understand the essence of “real” phenomena 
through the artificial world, which makes qual- 
itative prediction possible in a much broader 
sense. 

In the present volume Li discusses an 
expansion-modification system, a kind of cel- 
lular automata with a growing number of cells. 
The long-range correlation found in this “arti- 
ficial model” made him and one of the authors 
(KK) to expect the existence of long-range cor- 
relations in real DNA sequences, which was 
later confirmed. Another example demonstrat- 
ing a possible connection between artificial and 
“real” biology can be found in the paper by 
Kaneko and Yomo in this volume. 

The significance of such “artificial science” 
was first pointed out by Simon, in the context of 
engineering science [ 3 11. The present construc- 
tive approach to complex systems also has some 
applications to engineering problems, mainly 
in the area of information processing. In such 
a case, one constructs a system by combining 
procedures. Here we should note that the com- 
bination often leads to some (emergent) perfor- 
mance unexpected from the sum of procedures. 
We have some examples in these proceedings: 
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Nozawa has shown that a combination of a net- 
work of chaotic elements and a neural network 
of Hopfield’s type brings about remarkable ef- 
ficiency in optimization problems. Kitano has 
demonstrated that the combination of a genetic 
algorithm and an L-system for developmental 
processes provides high efficiency in learning. 
Taga gives a beautiful application of the syn- 
chronization to bipedal motion, while Kopecz 
shows some emergent performance in robots 
whose motion is controlled by artificial neural 
nets, so that they successfully avoid obstacles. 

6. Methodological problems in complex systems 

As we have discussed so far, the behavior in an 
artificial world cannot be represented by reduced 
sets of degrees of freedom while exactly corre- 
sponding to the complex world. We need novel 
methodologies to understand the complex be- 
haviors emerging in artificial models. So far we 
do not have established methods such as those in 
(equilibrium) statistical mechanics. We discuss 
briefly some possibilities. 

(a) Multiple viewpoints. 
It is often required to describe the observation 

from many points of view. For example, the un- 
derstanding of pattern dynamics in spatiotem- 
poral chaos requires both the views from real 
space and phase space. Integration of dynamical 
systems theory and computation theory is rele- 
vant to the understanding of complexity in chaos 
or cellular automata, as shown by Crutchfield 
and Mitchell. For game dynamics, we need view- 
points both from an algorithmic level of strat- 
egy, and dynamical systems theory, as is seen 
in the studies of Lindgren, Ikegami, Hiibler, and 
Suzuki. 

(b) Mathematical anatomy in a high- 
dimensional phase space. 

In low-dimensional dynamical systems, 
“anatomical” methods of geometric structures 
in phase space have been developed. In complex 
systems, it is required to extend such anatomical 

studies to high-dimensional cases. 
In a system with a static complexity such as 

the spin glass problem, the anatomy of the (en- 
ergy/fitness) landscape has clarified its rugged- 
ness [6], while, for a dynamic case, the stud- 
ies are more difficult, (since “anatomy” itself 
is a static tool), although some pioneering ap- 
proaches have recently been proposed [32-341 
in Hamiltonian dynamical systems with many 
degrees of freedom (e.g., in molecular dynam- 
ics). The anatomical studies exploring the high- 
dimensional phase space will be important in 
systems with evolution and adaptability. 

(c) Naturalists’ viewpoints. 
In complex systems, one possible direction is 

to make a collection of complex behaviors, list 
them up and then classify them. This approach, 
borrowed from natural history, has been adopted 
in complex systems. The classification of the be- 
haviors of cellular automata by Wolfram [ 3 5 1, 

although not complete, can belong to this ap- 
proach. Physicists’ preference to make a “phase 
diagram” is the simplest version of such classi- 
fication. In complex systems, we have to face 
more complicated classifications. The naive use 
of a phase diagram may not be powerful, there. 
Indeed, in cellular automata, the lack of a con- 
tinuous parameter makes it difficult to construct 
a phase diagram following the classification (see 
also the paper by Mitchell in the present vol- 
ume) . If a system’s dimension is very high, con- 
struction of a phase diagram is not practical, 
where one has to resort to more heuristic ap- 
proaches. In such cases a naturalist’s approach 
may be useful. 

The three approaches mentioned above are 
not necessarily sufficient for understanding all 
complex systems. These are apparently the ap- 
proaches from without 4, which is usual and 
common to conventional sciences. A construc- 
tivistic approach is different. A constructivist 
tries to make an uncontrollable world inside a 

4 Here we use the word “without” as the antonym of 
“within”. 
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computer which is controllable from outside, to 
make the world be functional. A decisive point 
for the success of the modeling lies in the con- 
struction of an internal mechanism. Therefore, 
a constructivist’s approach is inevitably an ap- 
preach from within. We discuss this point in the 
next section. 

7. Internal observer 

In a system with artilicial reality, one has to 
construct an internal observer; otherwise a sys- 
tern can never be intelligent. In molecular bi- 
ological systems, among others, Conrad [ 371, 
Rossler [ 361, Matsuno [ 381, and one of the au- 
thors (IT) [39] have pointed out the signili- 
cance of an internal observer which reacts with 
high efficacy. In brain modeling also, it has been 
pointed out that the introduction of an inter- 
nal viewpoint would be essential to understand 
‘the brain understanding itself. If chaos works 
in many phases of brain activities, chaos can be 
a candidate of such an internal observer. This 
viewpoint has been called “chaotic hermeneu- 
tics” by one of the authors (IT) [39]. 

here, the observation and description from with- 
out are apparently insufficient. Hence, one may 
well have to take the endo-viewpoint for a sufIi- 
cient understanding of complex systems. Riissler 
has constructed chaotic models to recognize the 
world from within in these proceedings. 

Through the approaches so far we are trying to 
make a reconstruction of the story for complex 
systems. This reconstruction is not necessarily 
unique. Since the stories can include many vari- 
ables and parameters, it is not possible to con- 
elude that only one of them provides the best 
model. Thus it could be said that Ockham’s ra- 
zor has lost its edge for complex systems we face 
now. Riissler’s talk in the workshop seemed to 
absolve Ockham’s razor. 
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The significance of internal viewpoints for the 
“understanding” of systems was first proposed 
by Godel [40] in constructing a theory to in- 
volve a description, from without, of formal sys- 
tem into again the formal system, thus a descrip- 
tion from within. By this constructive approach, 
Godel succeeded to prove that there exists a the- 
orem which is true, but unprovable only by using 
theorems of the system. Hereby, the complexity 
of formal systems was elucidated. 

Riissler has proposed a new scientific para- 
digm, that is, endophysics, generalizing the in- 
ternal viewpoint in a formal system to that in 
physics, chemistry and biology. In endo-world, it 
could be that the observationfrom within differs 
from, even contradicts to the observation from 
without. Only the latter observation has been ex- 
plicitly performed in conventional science. In 
complex systems, however, as has been discussed 

References 

[ 1 ] All the papers in the present volume are cited with the 
speaker’s name in the workshop, which agree with the 
first author of the names in the present volume, except 
three cases: Yomo’s presentation is given by the paper 
of E. Ko, T. Yomo and I. Urabe. An additional paper 
by Kaneko and Yomo is inserted, since it is related 
with the experimental paper by Ko et al. Michael 
Conrad’s presentation is given by the paper of J-C. 
Chen and M. Conrad, while Hiibler’s presentation is 
given by the paper by A. Pierre, A. Hiibler and D. 
Pines. Dinse, who was invited but could not attend, 
is so kind to submit his could-be presentation in the 
volume. 



10 K. Kaneko, 1. Tsuda I Physica D 75 (1994) l-10 

[2] N.G. Van Kampen, Adv. Chem. Phys. 34 (I 976) 245. 
[ 3 ] R. Kubo, K. Matsuo and K. Kitahara, J. Stat. Phys. 

9 (1973) 51. 
[4] H. Haken, Synergetics (Springer, Berlin, 1978). 
[ 51 G. Nicolis and I. Prigogine, Self-organization in 

Nonequilibrium Systems (Wiley, New York, 1979). 
[6] M. Mezard, G. Parisi and M.A. Virasoro, eds., 

Spin Glass Theory and Beyond (World Scientific, 
Singapore, 1988). 

[7] Y. Aizawa, private communication. 
[8] C.S. Elton, The Pattern of Animal Communities 

(Mathuen, London, 1966). 
[ 91 H. Kawanabe, private communication. 

[lo] S. Kauffman, The Origin of Order (Oxford Univ. 
Press, Oxford, 1993). 

[ 111 J. Kruger, eds., Neuronal Cooperativity (Springer, 
New York, 1991). 

[ 121 I. Tsuda, Chaos-teki-Nou-kan (Chaotic Scenario of 
Brain) [Japanese] (Saiensu-sha, 199 1). 

[ 13 ] I. Tsuda, Chaotic neural networks and thesaurus, in: 
Neurocomputers and Attention, A.V. Holden and V.I. 
Kryukov, eds. (Manchester Univ. Press, Manchester, 
1990). 

[ 141 N.K. Jerne, in: The Neurosciences: A Study Program, 
G.C. Quarton, T. Melnechuk and F.O. Schmitt, eds. 
(Rockefeller Univ. Press, 1962). 

[ 151 R.J. Collins and D.R. Jefferson, in: Artificial Life II, 
C. Langton et al., eds. (Addison Wesley, New York, 
1991). 

[ 161 K. Kaneko, Physica D 34 (1989) 1; 
K. Kaneko, ed., Theory and Applications of Coupled 
Map Lattices (Wiley, New York, 1993). 

[17] K. Kaneko, Physica D 41 (1990) 137. 
[ 181 K. Kaneko and T. Ikegami, Physica D 56 ( 1992) 406- 

429. 
[ 191 Micheal Polanyi, Personal Knowledge (Chicago Univ. 

Press, Chicago, 1958). 
[20] K. Kaneko, Information cascade with marginal 

stability in network of chaotic elements, Physica D 
(1994), in press. 

[21] W. Fontana and L. Buss, Bull. Math. Biology 56 
(1994) 1. 

[ 221 A. Yasutomi, Self-Organization of Money in Artificial 
Economic Systems, presented at the poster session of 

the workshop. 
[23] K. Ikeda, K. Matsumoto and K. Ohtsuka, Prog. Theor. 

Phys. Suppl. 99 (1989) 295. 
[24] P. Davis, Jpn. J. of Appl. Phys. 29 (1990) L1238. 
[25] L. Blum, M. Shub and S. Smale, Bull. Am. Math. Sot. 

21 (1989) pp. l-46. 
[26] C. Moore, Phys. Rev. Lett. 64 (1990) 2354; 

Nonlinearity 4 ( 199 1) 199, and preprint. 
[27] S. Smale, Differentiable dynamical systems, Bull. Am. 

Math. Sot. 73 ( 1967) pp. 747-817. 
[28] For the pseudo-orbit tracing property (in a 

hyperbolic system), see R. Bowen, On Axiom A 
Diffeomorphisms, CBMS Regional Conf. Series in 
Math., Amer. Math. Sot. (1978). 

[29] SM. Hammel, J.A. Yorke and C. Grebogi, J. of 
Complexity 3 (1987) 136. 

[30] K. Matsumoto and I. Tsuda, J. Stat. Phys. 31 (1983) 
87-106. 

[ 3 1 ] H. Simon, The Sciences of the Artificial, 2nd edition 
(MIT press, Cambridge, CA, 198 1). 

[32] K. Sjinjo, Phys. Rev. B 40 (1989) 9167. 
[33] I. Ohmine and H. Tanaka, J. Chem. Phys. 93 ( 1990) 

8 138, and references therein. 
[34] T. Konishi and K. Kaneko, J. Phys.A 25 (1992) 6283; 

K. Kaneko and T. Konishi, Physica D 71 ( 1994) 146. 
[35 ] S. Wolfram, Theory and Applications of Cellular 

Automata (World Scientific, Singapore, 1986). 
[36] O.E. Rossler, Endophysics, in: Real Brains, Artificial 

Minds, J.L. Casti and A. Karlqvist, eds. (North- 
Holland, Amsterdam, 1987); and the papers cited in 
O.E. Rossler’s paper in this volume. 

[37] M. Conrad, in: Real Brains, Artificial Minds, 
J.L. Casti and A. Karlqvist, eds. (North-Holland, 
Amsterdam, 1987). 

[38] K. Matsuno, BioSystems 27 (1992) 63. 
[ 39 ] I. Tsuda, Chaotic hermeneutics for understanding the 

brain, in: Endophysics, P. Weibel, O.E. Rossler and 
G. Kampis, eds. (Aerial Press, 1993). 

[40] K. Godel, Collected Works, volume 1, S. Feferman, 
ed. (Oxford Univ. Press, Oxford, 1986); 
For an introduction see also E. Nageal and J.R. 
Newman, Godel’s Proofs (New York Univ. Press, 
New York, 1958). 


