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Information theory and the framework of information
dynamics [4–6] has been used to provide tools to char-
acterise complex systems. In this case, the characteris-
tic elements of computation are information storage, in-
formation modification and information transfer. With
help of these information-theoretic tools we hope to un-
derstand, and to eventually engineer dynamical systems
which requires a proper understanding of their computa-
tional properties. In contrast to static measurements of,
e.g., entropy of a system at a given time, they focus on dy-
namical aspects of information processing. Mitchell [1],
for example, has been quoted [2] suggesting that “the
main challenge is understanding the dynamics of the
propagation of information ... in networks, and how these
networks process such information.”

The information dynamics framework cited above is
useful to get a “wholistic” understanding of complex sys-
tems. In the case of input-driven systems, this means
that, using these tools, we look at the entirety of both
the system as such, as well as the input to the system
throughout the experiment. This is an important obser-
vation, as for example for biological systems perform non-
trivial computations and also retain a short-term memory
of past inputs [3]: there is no distinction between struc-
ture of the input into the system and that of the system
itself. In some of our work, we have measured informa-
tion transfer and active information storage in recurrent
neural networks to show peak performance near the edge
of chaos [7]. Many other real world systems like cortical
networks are also heavily input-driven, and application
of these tools may not necessarily lead to intuitively in-
terpretable results. This is particularly true if the en-
vironment (i.e., the input to the system) changes over
time, or if we are interested in properties of individual

components of a complex system.
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FIG. 1. Simple computational units of artificial neural net-
works may forward or store information. In a), inputs are just
forwarded to the output. b) implements a 1-bit delay line.

Figure 1 illustrates simple cases for quantifying local
information storage for input driven systems: We would
expect zero local information storage for the unit in a)
(since no information is stored in the system), but the
computed local active information storage will in fact
depend on the particular bias of our input data. Sim-
ilarly in b), we would expect a local information storage
of exactly one bit for a one-bit delay line.

Using the existing framework of information dynamics,
we derive a measurement of input-corrected information
storage that is suitable for input-driven dynamical sys-
tems. Input-corrected information storage quantifies the
contribution of the system to information storage alone,
i.e., a measure of difference to a pure feedforward unit
driven by a particular input.

With input-corrected information storage we hope to
better quantify system behaviour, which will be impor-
tant for heavily input-driven systems like artificial neu-
ral networks to abstract from specific benchmarks, or for
brain networks where individual components cannot be
tested in isolation or with arbitrary input data.
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