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B. Roy Frieden [1] presented an attempt to provide a new foundation for theoretical physics,
which, at a first glance, appears quite attractive: Physics is what we know about of matter
and its motion through space and time. Such knowledge, however, can be obtained ultimately
only through observation, which implies the estimation of measurable quantities in particular
experiments. Roughly speaking, we can describe Frieden’s attempt not so much as unification of
physics (or even science [2]), but as a unification of the error analysis of the inexact measurements
in experiments and the theoretical construction of models that describe the underlying material
processes.

Ray Streater decried Frieden’s approach as a lost cause in physics [3] and provided a demonstration
that Ref. [1] is “fundamentally flawed in both its overall concept and mathematical detail” [4].
We do not aim to argue about this view here, but will present a more modest approach, namely
how Frieden’s proposal may be beneficial, if not for physicists, then possibly for a future generation
of robotic agents.

Modern robots can carry out many non-trivial tasks, if the environment including the movements
of the robot itself are known in advance to the programmer. Moreover, they can also acquire
information about their environment, if the type of information is trivial, such as the estimation of
a point in Euclidean space under explicit assumptions on the noise in the simultaneous localisation
and mapping (SLAM) problem [5]. In more general situations, machine learning schemes can be
applied that, however, will be inaccurate or require large amounts of data that are difficult to
obtain in specific robotic prolems. It will thus be difficult to provide the robot with sufficiently
specific information for each type of problem. Also the efficiency, that has been continuously
improved for SLAM in the course of hundreds of publications, may be less easily achievable in
more difficult cases.

If a robot is to solve a task in a complex environment with a several heteroscedastic parameters,
then an estimation method based on the relevant Fisher information is superior to both homeo-
genous estimators and reforcement learning based on a target trajectory, although a noise model
must be specified here.

We evaluate the approach by several robot experiments (so far only in a physically realistic
simulation). We study the problem of a robot learning to throw and to catch a ball and compare
our results to a setting where similar skill are required and internalised by the robot by means
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of inverse reinforcement learning [6]. It is particularly interesting to consider natural gradient
algorithms [7] in the context of apprenticeship learning [8]. Here we find that the approach based
on Frieden’s prinicple of extreme physical information (EPI) can become equivalent, if the target
trajectory is a physical trajectory and is thus optimal with respect to the control effort required
from the robot.

While we restrict ourselves to classical mechanics here, robotics is currently surpassing this do-
main, e.g. by studying the control of robots made of soft and organic materials or nanobots
composed from single molecules. Although in such cases on-board computing, estimation and
modelling may not be required, it is still interesting to study approaches that have the potential
of providing a general theoretical framework for robotics.

Like in Frieden’s attempt, there are no obvious benefits in the sense that phenomena become
explainable that otherwise would not be covered by the theory, since the physical information
must be provided in order to practically use the EPI principle. If we, however, argue in favour
of an “understanding” of the physical reality by a robot, then we realise that the robot does
makes sense out of the world by matching data with a set of available schemes, such that the
Frieden programme can be considered as a step towards an intrinsic intelligence in an artificial
agent, rather than a mere estimation scheme that is employed as part of the control programme.
In principle is also possible, to combine multiple models and to use the EPI principle in order to
decide among a number of alternative physical descriptions, which will be considered in further
work.
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