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Abstract— The project aims to develop methods that
learn complex dynamical models through algorithms that
actively explore the behavior of the system. The key
challenge is to trade the cost of exploration with the
future benefits from the resulting improved knowledge.
This area, sometimes named dual control theory, is now
vitalized from recent progress in machine learning and
statistical estimation. The project will both develop new
theory and algorithms and work with applications.

Recent progress in the area of deep neural networks
and machine learning have opened up for new ap-
proaches to the problem of controlling a system whose
characteristics are unknown or partially unknown. The
area has been studied under the name dual control
theory since the 1960s. The name comes from the fact
that the controller’s objective are both exploration, to
experiment with the system to learn its dynamics, and
exploitation, to control the system as well as possible
based on the achieved system knowledge. The problem
is also studied in the area of Bayesian reinforcement
learning, see [5] for a discussion.

The learning performance of the dual controller is
judged by both its asymptotic performance: will opti-
mal, or acceptable, control performance eventually be
found, and also by the speed at which this is achieved.
The latter is measured in the amount of ”regret” of
the controller, i.e. the amount of degraded performance
before the optimal controller was found.

A solution to the dual control problem is in theory
known. It is based on dynamic programming (DP)
propagating the so called hyperstate in a Hamilton-
Jacobi-Bellman-Kolmogorov equation. The hyperstate
consists of the probability distribution of the sys-
tem’s state and parameters. The hyperstate is unfor-
tunately infinite-dimensional, except for special cases,
and therefore this approach has been deemed unfeasi-
ble, except for smaller toy-examples, such as in [2].

The key issue in implementing the DP solution is
that one needs to find a structure where the cost of
a certain hyperstate can be evaluated efficiently. To
choose control signal in the optimization step one
needs to efficiently evaluate different candidate control
signals’ impact on the hyperstate and the resulting
performance. Here we plan to use recent progress

in deep neural networks, [4], and machine learning
to learn approximations of this structure. Alternative
approaches based on monte carlo methods, such as in
[3] are also worth investigating and possibly combine
with.

To understand and learn the geometry of the man-
ifold of the probability distributions of the system,
new progress in information geometry seems to be
useful, see [1]. The learning process is then viewed
as an optimization problem defined over a statistical
manifold, i.e., a set of probability distributions. Infor-
mation geometry is a blend of statistics, differential
geometry and information theory where the Fisher
information metric provides the Riemannian metric. For
a discussion of its use in manifold learning, see [7]. We
will study systems with nonlinear dynamics where the
full state of the system is not measurable and where the
dynamics is unknown or partially unknown. There are
several applications of the theory, such as intelligent
robotics, autonomous vehicles, adaptive radio systems
and intelligent process control. One possible concrete
new application is in adaptive pilot assignment, an
idea with possible use for future radio communication
systems, such as in [6]. Here a controller chooses
between using radio resource blocks for communication
or for gaining knowledge about the evolution of the
radio channel.
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