Predictive information in reinforcement learning of embodied agents
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Information-driven self-organisation, by the means of maximizing the one-step approximation of the
predictive information (PI) has proven to produce a coordinated behaviour among physically coupled but
otherwise independent agents [1, 2]. The reason is that the PI inherently addresses two important issues for
self-organised adaptation, as the following equation shows: I(St ; St+1 ) = H(St+1 ) − H(St+1 |St ), where
St are the sensor values, intrinsically accessible by the agent. The first term leads to a diversity of the
behaviour, as every possible sensor state must be visited with equal probability. The second term ensures
that the behaviour is compliant with the constraints given by the environment and morphology, as the
behaviour, measured by the sensor stream, must be predictable. The PI maximization is also related to
other self-organisation principles, such as the Homeokinses [3], and therefore, is a good candidate for a
general first principle for embodied artificial intelligence.
In general it is not desirable that an embodied agent senses every possible stimulus with an equal
probability, as tasks have to be solved and dangerous situations need to be avoided. Hence, guidance is
required. We chose the framework of reinforcement learning for this purpose, where the reinforcement signal
is understood as an external guidance, and the PI maximization is understood as an internal drive. This idea
is not new, as combining extrinsic and intrinsic rewards in the context of reinforcement learning goes back
to the pioneering work of [4], but is also in the focus of more recent work by [5–7]. The significant difference
here is that the PI, measured on the sensor values, accompanies (or may even replace) the exploration of
the reinforcement learning such that it is conducted compliant to the morphology and environment. The
actual embodiment is now taken into account, without modelling it explicitly in the learning process.
A different approach used the PI, estimated on the spatio-temporal phase-space of an embodied system,
as part of fitness function in an artificial evolution setting [8]. It was shown that the resulting locomotion
behaviour of a snake-bot was more robust, compare to the setting, in which only the travelled distance
determined the fitness. This is a good indication, that more than just a speed up can be expected from
combining information-driven self-organisation and reinforcement learning. In first experiments, we apply
the PI as intrinsic reward to the problem of the cart pole swing up experiment. Although maximizing the
PI seems contradicting here, as the goal is to minimize the entropy over the pole deviation, we will show
that the learning process benefits from the PI.
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