Continuing Commentary

to see what could be gained by assuming that mental computations
are chaotic, for computations are just computations. Also, chaos
is, by itself, uninteresting: in a chaotic system, most things happen
on the attractor, where long-term behavior always remains quali-
tatively the same.

Chaotic itinerancy (CI), however, is fundamentally different,
and I believe it may change our thinking about what can be
achieved by dynamical systems and minds. CI is a chameleon. It
can behave like one particular type of system for some time, then
make a transition and behave like some other particular system,
and so on, indefinitely. Although generated by a single set of equa-
tions, at a phenomenological level the process does not seem to
follow any fixed rules. Yet it can be controlled, or at least this is a
feasible expectation. For this reason, CI may be an ideal tool for
the understanding of mental processes that form and break their
own rules. Part of this anticipated development is already visible
in Tsuda’s memory model.

The problem of conceptualizing complexity is another matter.
Complex dynamical systems of the type studied by Tsuda and
some other authors, including Kaneko (1998; see also Kaneko &
Tsuda 2001), realize a wide spectrum of behaviors. This has far-
ranging philosophical implications. Putnam (1988) may be right,
after all, in his claim that every natural system can behave like any
other. With Tsuda’s work we start to understand that for a complex
system every model can be justified. What is more, perhaps every
physical system is capable of exhibiting chaotic itinerancies and
other similarly rich processes. If this is true, every physical system
may literally be able to realize every computational behavior. Op-
ponents of Putnam’s idea (such as Chalmers 1996) tend to assume
that a system is basically something perfectly well-defined and,
therefore, that the construction of a single system capable of be-
having like many different systems must be seen as a dirty trick.
ClIs can realize such a situation quite naturally. This is a further ex-
ample where the benefits of an advanced analysis made possible
by the new paradigm of complex systems becomes apparent.
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Abstract: Kampis proposes the study of chaotic itinerancy, point-
ing out its significance in domains of cognitive science and phi-
losophy. He has discovered in the concept of chaotic itinerancy the
possibility for a new dynamical approach that elucidates mental
states with a physical basis. This approach may therefore provide
the means to go beyond the connectionist approach. In accor-
dance with his theory, I here highlight three issues regarding
chaotic itinerancy: transitory dynamics, diversity, and self-modify-
ing system.

The main characteristics of chaotic itinerancy (CI) are sum-
marized as follows (Kaneko & Tsuda 2001; 2003; Tsuda
2001), although not all characteristics are necessarily re-

quired:
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1. There appears a relatively large number of modes
possessing neutral stability, as well as definite stable and un-
stable modes.

2. There appears a highly ordered but irregular tempo-
ral structure, and hence the appearance of history-depen-
dent transitions.

3. Chaotic itinerancy differs from simply chaotic behav-
ior in the sense that these transitions can be characterized
as transitory dynamics through which the system moves be-
tween low-dimensional attractor ruins and high-dimen-
sional chaotic states.

4. The statistical convergence of physical quantities is
absent or extremely weak.

5. The system does not possess tracing properties.

There is a mathematical basis for each of the above-
stated characteristics. In a system that possesses the
pseudo-orbit tracing property, it is guaranteed that its
mathematical trajectories can be correctly traced in nu-
merical simulations. Typical chaotic systems possess this
property, but some chaotic systems do not. In such systems,
it is not possible to properly trace each trajectory in simu-
lations. This lack of the pseudo-orbit tracing property leads
to another instability, which differs from the orbital insta-
bility that chaotic systems inherently possess — that is, in-
stability with regard to computation, description, and/or
observation. Therefore, contrary to the picture presented
by Kampis, a factor for renewing a system itself exists even
in conventional chaos, in principle. However, as Kampis
correctly points out, this property is not enough to realize
an actual renewal process. Even if such a property does not
exist, it is possible to obtain precise statistical properties,
which reflect the properties of an attractor as a whole. Ac-
tually, this attractor-tracing property exists even in conven-
tional chaos. On the other hand, the statistical properties of
chaotic itinerancy do not necessarily provide information
about the overall attractor (Sauer 2000; 2003; Tsuda &
Umemura 2003). Chaotic itinerancy therefore appears to
be a new type of dynamic behavior that goes beyond the at-
tractor concept. It is thus seen that chaotic itinerancy can
be considered a form of transitory dynamics that might ap-
pear to be “non-stationary” in short-time observations.

In dynamical systems exhibiting chaotic itinerancy, there
come to exist transition rules between attractor ruins. The
nature of these rules is determined by chaotic itinerancy it-
self. The dynamical orbit is attracted to the ruins, and in this
situation the number of effective degrees of freedom re-
mains relatively small. Therefore, the system can be de-
scribed with only a few modes. While the system remains
in such a space, other modes become activated. As a result,
the system can no longer be confined in such a space. Be-
cause there are restricted regions that can act as exits, there
are a number of selected orbits that can leave (Kaneko
1998). When an orbit leaves this space, the number of ef-
fective degrees of freedom increases, and there results a
large diversity of states. After some time, the orbit is at-
tracted to another ruin, where a different set of effective
modes describe the system. In such a way, such dynamical
systems exhibit history-dependent activity.

In the study of dynamical behavior in a neural network
model with nearest-neighbor couplings, we recently iden-
tified a mechanism involved in chaotic transitions between
synchronized and de-synchronized states (Tsuda et al.
2004). Such transitions have been observed in animal and
human brains (Freeman 2004; Gray et al. 1992; Lampl et
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al. 1999). This behavior appears to consist of chaotic itiner-
ancy between attractor ruins representing synchronization
and de-synchronization states. It also appears that this be-
havior can be regarded as chaotic itinerancy between at-
tractor ruins (which may be described by Milnor attractors),
each consisting of a set of an all-synchronization state, dif-
ferent kinds of metachronal waves, and small chaotic orbits
linking these states. Furthermore, such chaotic itinerancy
accompanies the organization and reorganization of dy-
namic cell assemblies. There are several examples that are
believed to provide a link between physical behavior and
the representation of mental states using chaotic itinerancy.
These examples include dynamic memory (Tsuda 1991;
1992; Tsuda et al. 1987), episodic memory formation
(Tsuda & Kuroda 2001), and category formation (Tsuda
2001). The use of chaotic itinerancy to study category for-
mation might elucidate a typical feature of diversity ex-
pressed by chaotic itinerancy, as described by Kampis.

Category formation can be characterized by the follow-
ing two kinds of ambivalence. We call the first kind identi-
fication and discrimination ambivalence. In this case, “sim-
ilar” patterns, objects, and concepts must be classified in
accordance with their similarity as belonging to the same
group. Here, similarity can be represented by a certain met-
ric. Yet, it must be possible to discriminate even similar pat-
terns, objects, and concepts. The second kind, which we call
invariance and variance ambivalence, appears especially in
relation to learning over periods of time that are longer than
those expected in the case of the first ambivalence. For sta-
bility of cognition, the invariance of categories is required,
but to allow the learning process — a variance of classifica-
tion, that is — a change of categories is necessary.

Our assertion is that chaotic itinerancy can represent the
types of ambivalence described above, in principle. In typ-
ical chaotic itinerancy, the attractor ruins linked by chaotic
transitory orbits do not necessarily constitute all the ruins
because of the dependence of statistical properties on the
initial conditions. Some particular orbit linking several at-
tractor ruins may form the largest category of series of
events — an episode — with each attractor ruin representing
a distinct event. This largest category consists of several
sub-episodes, some of which are “similar” and some of
which are different. Actually, we found such category for-
mation in a Cantor code with chaotic itinerancy as inputs
(Tsuda 2001; Tsuda & Kuroda 2001). This is possible be-
cause chaotic itinerancy contains history-dependent infor-
mation of a series of events (Kaneko 1998). This scheme of
coding guarantees both identification and discrimination.

From the above-described findings, it can be seen that
chaotic itinerancy may be a key type of dynamic motion ca-
pable of describing ever-changing behavior with stability,
which all evolving systems should exhibit. This is nothing
but an evolutionary system that Kampis describes as a self-
modifying system (Kampis 1991). In contrast to the con-
ventional concept of a system, according to which a system
consists of well-defined units with each unit assumed to
possess a definite function, we consider a self-modifying
system to be a life system, in which a functional unit is
formed via interactions between internal states of the sys-
tem. Such a system is precisely that which we have consid-
ered a “complex system” (Kaneko & Tsuda 2001).

There is sufficient evidence supporting such a specific
structure of complex systems. Among others, cell differ-
entiation and the organization of functional modules in the
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brain are typical examples. Every functional module in the
brain, like the visual cortex, is connected to other modules
in its living state, not only structurally but also functionally.
In other words, functional modules are not ready-made but,
rather, order-made. They are formed almost simultaneously
when a total system becomes functional. This type of for-
mation brings about a difference between the responses of
organized units in the cases where these units are isolated
and are embedded in the system. Furthermore, such func-
tional modules can vary in structure and function. A similar
concept was proposed as the concept of components
(Rosen 1991) and as a dynamic cell assembly (Fujii et al.
1996; von der Marlsburg 1981).

These are characteristics of ever-changing systems,
which are typically described by chaotic itinerancy and may
well be related to the flexible change of mental states.
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Commentary on Bernhard Hommel, Jochen Miisseler, Gisa Aschersleben, & Wolfgang Prinz (2001). The
Theory of Event Coding (TEC): A framework for perception and action planning. BBS 24(5):849-878.

Abstract of the original article: Traditional approaches to human information processing tend to deal with perception and action plan-
ning in isolation, so that an adequate account of the perception-action interface is still missing. On the perceptual side, the dominant
cognitive view largely underestimates, and thus fails to account for, the impact of action-related processes on both the processing of
perceptual information and on perceptual learning. On the action side, most approaches available conceive of action planning as a
mere continuation of stimulus processing, thus failing to account for the goal-directedness of even the simplest reaction in an exper-
imental task. We propose a new framework for a more adequate theoretical treatment of perception and action planning, a theory pos-
tulating that perceptual contents and action plans are coded in a common representational medium by feature codes with distal ref-
erence. Accordingly, perceived events (perceptions) and to-be-produced events (actions) are equally represented by integrated,
task-tuned networks of feature codes — cognitive structures we call event codes. We give an overview of evidence from a wide variety
of empirical domains, such as spatial stimulus-response compatibility, sensorimotor synchronization, or ideomotor action, showing that

our main assumptions are well supported by the data.

Does TEC explain the emergence of distal
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Abstract: Hommel et al. (2001) try to explain the emergence of distal rep-
resentations by an evolutionary account which includes their theory of
event coding. A closer look at the way the terms “distal representations” and
“representations of events” are defined reveals, however, that their hy-
pothesis of a common code for perceived and to-be-produced events is in
fact superfluous. Moreover, it shows that they mix up empirical facts with
conceptual/definitional facts in the second assumption of their explanation.

In the “Epilogue” to their target article (sect. 5), Hommel et al.
(2001) ask: “How is it possible that our mental experience refers
to events in the outer world [. . .], given the fact that it derives from
events in our bodies and our minds?” They try to answer that ques-
tion by an evolutionary account which includes their theory of
event coding. First, at some point in evolution, a common repre-
sentational system for both perceived and to-be-produced events
evolved as a means to plan action. Second, the most efficient way
of implementing such a system is by creating distal representa-
tions. Put together, “the invention of identical codes for perceived
and to-be-produced events implies the construction of reality”
(sect. 5).

Obviously, the emphasis here is on “identical.” Hommel et al.’s
main topic, the hypothesis of a common code, holds the central
position in this explanation. A closer look, however, reveals that re-
course to commonality is in fact superfluous. If an agent has rep-
resentations for events, he already possesses distal representa-
tions, regardless of whether they are couched in a common
representational medium.

My argument is quite simple. Question 1: What is a distal rep-
resentation? Answer: By calling a representation “distal,” we say
something about its extension. A distal representation is a repre-
sentation of a distal entity; it is a representation that does not re-
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fer to something inside the agent but to entities in the outer world.
For example, a representation of spikes in Susan’s brain does not
belong to her distal representations because its extension does not
consist of things in her environment.

Question 2: What is a representation of a perceived or to-be-
produced event? Part 1 of the answer is as before: By calling some-
thing a “representation of,” we say something about its extension.
A representation of a perceived or to-be-produced event is a rep-
resentation that refers to such an event. Part 2 of the answer: In
the context of Hommel et al’s article, “event” does not mean
“event inside the agent” but, rather, “outer event”; therefore, a
representation of an event is a representation whose referent is an
occurrence in the person’s environment. For example, a repre-
sentation of electrical activity in Susan’s visual cortex is not among
her representations of a perceived or to-be-produced event, in the
relevant sense of “event.”

With these definitional facts in mind, it is clear why recourse to
a common code plays no role in Hommel et al.’s explanation. A
representation of a perceived or to-be-produced event is, by def-
inition, a distal representation because it refers to a distal entity.
Hence, if, at some point in evolution, a species acquires the abil-
ity to represent perceived events, or the ability to represent to-be-
produced events, or both, then by definition this is sufficient for
having distal representations. It does not matter at all whether
those different kinds of events are coded within a common format.
Even if the structure of the representations standing for perceived
events differs widely from the structure of the representations
standing for to-be-produced events, they are nonetheless distal
representations because being such a representation means noth-
ing else than representing entities in the outer world. It is not “the
invention of identical [!] codes for perceived and to-be-produced
events” that “implies the construction of reality,” but just the in-
vention of — whatever — codes for events.

Hommel et al.’s explanation therefore boils down to: We have
distal codes because evolution has provided us with codes for per-
ceived and to-be-produced events as a means to plan action. Here,
their second assumption plays no role anymore. In light of my re-
marks, this should not come as a great surprise because the as-
sumption sounds somewhat odd anyway. Hommel et al. claim that
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