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3) Both, trajectories and their two-time correlations obey an
‘aging’ scaling property typical of glassy dynamics when 6 — 0.
4) A progression from normal diffusiveness to subdiffusive behav-
ior and finally to a stop in the growth of the mean square
displacement as demonstrated by the use of a repeated-cell map.
(see Fig. 3) The existence of this analogy is perhaps not accidental
since the limit of vanishing noise amplitude & — 0 involves loss of
ergodicity.

Localization & quasiperiodic onset of chaos

One interesting problem in condensed matter physics that
exhibits connections with the quasiperiodic route to chaos is the
localization transition for transport in incommensurate systems,
where the discrete Schrodinger equation with a quasiperiodic
potential translates into a nonlinear map known as the Harper
map [14]. In this equivalence the divergence of the localization
length corresponds to the vanishing of the ordinary Lyapunov
coefficient. It is interesting to note that the basic features of
g-statistics in the dynamics at critical attractors mentioned here
turn up in the context of localization phenomena.
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One explanation for the impressive recent boom in network
theory might be that it provides a promising tool for an
understanding of complex systems. Network theory is mainly
focusing on discrete large-scale topological structures rather than
on microscopic details of interactions of its elements. This view-
point allows to naturally treat collective phenomena which are
often an integral part of complex systems, such as biological or
socio-economical phenomena. Much of the attraction of network
theory arises from the discovery that many networks, natural or
man-made, seem to exhibit some sort of universality, meaning
that most of them belong to one of three classes: random, scale-free
and small-world networks. Maybe most important however for
the physics community is, that due to its conceptually intuitive
nature, network theory seems to be within reach of a full and
coherent understanding from first principles.

Networks are discrete objects made up of a set of nodes which
are joint by a set of links. If a given set of N nodes is linked by a
fixed number of links in a completely random manner, the result
is a so-called random network, whose characteristics can be rather
easily understood. One of the simplest measures describing a net-
work in statistical terms is its degree distribution, p(k), (see box 1).
In the case of random networks the degree distribution is a Pois-
sonian, i.e., the probability (density) that a randomly chosen node

k -2 —
has degree k is given by p(k) = % where A = k is the average
degree of all nodes in the network. However, as soon as more com-
plicated rules for wiring or growing of a network are considered,

Some network measures

The degree k; of a particular node i of the network is the
number of links associated with it. If links are directed they
either emerge or end at a node, yielding the diction of out- or
in-degree, respectively. The degree distribution p(k) is the
probability for finding a node with degree k in the network. In
(unweighted) networks the degree distribution is discrete and
often reads, p(k) = p(1)e!""q with K > 0 being some charac-
teristic number of links. Apart from the degree distribution,
important measures to characterize network topology are the
clustering coefficient ¢;, and the neighbor connectivity k.
The clustering coefficient measures the probability that two
neighboring nodes of a node i are also neighbors of each other,
and is thus a measure of cliquishness within networks. The
neighbor connectivity is the average degree of all the nearest
neighbors of node i. When plotted as a function of k, a non-
trivial distribution of the average of c allows statements about
hierarchic structures within the network, while k;, serves as a
measure of assortativity.
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