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Abstract. Every embodied intelligent agent constantly interacts in its own way with
its environment. It perceives information about the world, processes this information
in its controller, e.g. its brain, and sends signals to the body, which then interacts with
its surroundings. Here we give a thorough introduction to an information-theoretic
approach that aims at quantifying these information flows among an agent’s body,
brain and environment. Thereby we measure how much an information flow impacts
the behavior of an agent. For instance, we might ask the question whether the brain
is essential for a certain behavior or whether it is a reflexive stimuli response. In
order to measure these interactions we model the system using the sensorimotor loop
and assess the different information flows by information-theoretic measures. This
includes measures related to Morphological Computation and the complexity of the
controller. Morphological Computation describes the reduction of computational cost
for the controller that results from the interaction with the environment. We include
results from an implementation of this framework with simplistic simulated robots.
Experiments with these robots show, for instance, that an agent with a well-adapted
body does not rely as much on its controller. Furthermore, learning a new task requires
an increased information integration in the controller.

Keywords: Information Theory, Morphological Computation, Integrated Information

1. Introduction

Embodied agents, whether they are biological or artificial, constantly interact with their
environments. In Figure 1 a sketch of such an agent is depicted. There the agent senses
information about its environment through its eyes and processes this information in its
controller, which is the brain in case of biological agents and could be an artificial neural
network in case of a robot. The information from the sensors can then lead to a direct
stimuli response, a reflexive action such as a movement of a hand, or the controller can
send commands to the hands, which in turn influence the environment.

When an intelligent embodied agent, like an animal, is faced with a changed
environment it has to adapt and learn new behaviors. It has to figure out how to
best use the properties of its own body to cope with the new surroundings. There are
various theories that aim to explain how exactly animals learn. Here we take a step
back from this problem and do not ask “how” an agent learns, but instead which parts
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Figure 1. Sketch of an embodied agent that interacts with its environment.

of an agent are most important for its behavior. If the agent is catching an object, for
example, is this behavior mostly governed by the commands from the brain of the agent
or is this a reactive stimuli response? Does this change during the process of learning
this behavior?

In our daily experiences we have an intuition of how important the influences
from the brain or our body are. Consider a skilled musician playing an instrument.
The musician does not need to actively think about where to place each finger on the
instrument, since the movements that translate to the desired melody have already been
learned and can be applied almost automatically. On the other hand, someone who is
new to an instrument needs to think carefully about every movement, hand placement
and learn through repetitions. So, our hypothesis would be that an agent that learns a
new task needs first a high involvement of the brain, which then gradually decreases.

Now assume we have a robot learning to play the same instrument. There we are
able to directly observe the signals processed in the controller, e.g. a neural network,
and measure them using information theory. In order to learn we would expect it to go
through similar stages of development. This could be an indication of how natural the
learning process of an artificial agent is or in which way it differs from our expectations.
In [34] we discuss a simplistic setting with learning simulated robots and there we
observe the dynamics hypothesized above. There we conclude that an agent first needs
a high involvement from a complex controller to understand its environment and the
more it can exploit the interactions between body and environment, the less controller
complexity is needed.

In this article we give a thorough introduction to the information-theoretic
methodology for tracing information flows within sensorimotor interactions, thereby
following the Ph.D. thesis of one of the authors [32]. In the following sections we
therefore first give a quick introduction to information theory and then we define the
sensorimotor loop in the Section 3. The sensorimotor loop models the different parts
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of an acting agent in its environment. Afterwards, in Section 4, we introduce a way to
measure the importance of different information flows. Hereby, we consider pair-wise as
well as synergistic influences. Two interesting concepts, that can be measured in this
way, are Morphological Computation and Integrated Information, introduced in Section
5 and 6, respectively. The former describes the reduction of computational cost for
the controller that results from the interaction of the body with its environment and
the latter aims to quantify consciousness by a system’s ability to integrate information.
In Section 7 we review previous results that we gained by applying this framework to
simple simulated agents. We conclude with a discussion in Section 8.

2. Information Theory

In 1948 C. E. Shannon published the article “A Mathematical Theory of
Communication” [51], developed further into a book with W. Warren as “The
Mathematical Theory of Communication” [52], which provides the foundation of
information theory. We give a short introduction in this section, a more thorough
treatment of information theory can be found in, for example, [15, 35].

The formalization of a communication system is sketched in Figure 2. A message
gets passed from an information source through a transmitter, then the signal might be
disturbed by noise before it reaches the receiver and then its destination.

Information

Transmitter Receiver Destination
Source

A Signal _— Received g
Lagl n Lall Ll
"T Signal

Noise
Source

Figure 2. Reproduction of Shannon’s general communication system, Figure 1 in [51].

Within his theory Shannon defines the optimal rate of data transportation and the
maximal compression without loss of information in order to improve the transmission
of information. One important concept in this context is the entropy.

Definition 2.1 (Entropy). The entropy H of a discrete random variable X with the
state space X and the probability mass function p(X) is defined as follows:

H(X)=-> p(z)logp()

with the convention 0 log 0 = 0.
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The entropy is non-negative and is upper bounded by the entropy of the uniform
distribution over X. The base of the logarithm merely determines in what units we
measure information, bits for the base 2 or nats for the base e, and this has no further
implication on the properties of H.

The entropy is a lower bound for the compression and it can be thought of as the
average reduction of uncertainty from observing an outcome x, when we initially know
the probabilities p(z). If we have a random variable with a uniform distribution, for
example given by a fair die, then observing each side of the die is equally likely. Hence,
the reduction of uncertainty would be large, roughly 2.585 bits. If, however, we have a
weighted die that falls on one side 95% of all throws, then we would expect to observe
this side and our average reduction of uncertainty is low, in this case roughly 0.402 bits.

In order to quantify the difference between two probability distributions we now
define the Kullback-Leibler-divergence, also called KL-divergence or relative entropy.
It measures how much the uncertainty of the random variable increases if we use g as
probability distribution instead of the true distribution p.

Definition 2.2 (Relative Entropy). The relative entropy, or KL-divergence D of two
probability mass functions p and ¢ With the state space X is defined as follows:

D(pllq)=) plx log

reX
with the conventions that 0 log % = 0 for ¢g(x) > 0 and p(z) 10g<p(x)) oo for p(z) > 0.

The KL-divergence is non-negative and equals zero if and only if the two arguments
are equal, meaning that p(z) = ¢(z), for all x € X. Note that the KL-divergence is not
symmetric, hence this is not a metric.

Shannon defines the channel capacity by using the mutual information, which is
the relative entropy between a distribution p(z,y) and the product distribution p(x)p(y)
on X x Y. The maximum of this quantity with respect to p(z) leads to the maximal
rate at which information can be sent through a communication channel, characterized
by p(y|z), with a vanishingly low probability of error.

In the following sections we will also use the conditional mutual information.

Definition 2.3 (Conditional Mutual Information). Let (X7, X5, X3) be a random vector
on X = X x Xy x X3 and let p(xy,z3) > 0, for all (z1,x3) € &} x As. The conditional
mutual information of the random variables X; and X, given X3 is defined as

I(X1; Xo| X3) = Z p(xl,gvz,xg,)logjIM
e p(ai1]zs)

The conditional mutual information is 0 if and only if X; and X, are independent
given X3, this can be written as X; 1L Xy|Xj5.

The main theorems of classical information theory, like the noisy channel coding
theorem, are asymptotic results, but the information-theoretic quantities above give also
rise to many advanced theories. Here, we will only mention a few of them to give an
intuition to the variety of applications of information theory.

4
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In machine learning the evidence lower bound of the variational auto-encoder (VAE)
is given by relative-entropy and cross-entropy terms [25]. In cybernetics, for instance,
Ashby defines his law of requisite variety in terms of the Shannon entropy in [5]. He
postulates that a system needs to have a greater than or equal number of states in its
control mechanism compared to the system being controlled in order to be stable.

Furthermore, the well-known “active inference” framework aims to explain the
behavior of sentient agents as them minimizing the free energy, which is defined using
relative entropy terms. The free energy function is a variational bound on the surprisal,
given by —log p(x), also called Shannon information, [42].

In Section 6 we additionally introduce the Integrated Information Theory, which
aims at measuring the consciousness of a system.

3. Sensorimotor Loop

In order to analyze an acting agent in its environment we use the sensorimotor loop
to model the interactions among an agent’s sensors, actuators, its controller and the
environment. This model is also called perception-action loop or action perception
cycle [26, 27, 49, 53].

The agent receives information about the world through its sensors and can then
process this information in its controller. It can also send signals from the sensors to the
actuators, which corresponds to a direct stimuli response. The actuator can additionally
receive commands from the controller and the signals from the internal actuators lead
to actions and influence the environment of the agent. A sketch of the sensorimotor
loop is given in Figure 3 on the left.

a b

/} World I\ ( W, \, > (Wit ,@
N /\ x
Sensors (

Actuators

Cognitive
System

Controller

Figure 3. (a) The sensorimotor loop and (b) the graphical representation of the
sensorimotor loop in discrete timesteps.

Here, we further model the system as a Bayesian network, similar to [12, 10, 28]. We
assume discrete timesteps, which leads to the graphical representation on the right hand
side of Figure 3. The different parts of the sensorimotor loop are modeled as discrete
random variables and the interactions among them are given by the Markov kernels
a, B, m and ¢, as noted on the right of Figure 3. These Markov kernels are stochastic
maps that determine the mechanisms of the variables. The kernel «, for instance, is
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called the world dynamics kernel in [18] and describes the probability of a state wg;o
given w1 and a;41 by a(wiio|wiyr, Girr).
The whole system is then described by a discrete Markov Process (X;)ieny with

Xt - (Wt7 St7 At; Ot)

and the state space X = W x S x A x C. The transition probability of the whole system
from time step t to t + 1 can be factorized as follows

p(xt-l-l‘xt) = a(wt+1|wt; at)/B(St—H ]wt+1)go(ct+1|ct, St+1)7T(at+1 ’St+1, Ct+1)

for all (xy,z4y1) € X x X. Using this description of the sensorimotor loop we can now
define the measures of the different information flows.

4. Measuring an Information Flow

In the previous section we discuss the sensorimotor loop, a formalization of the
information flows among the different parts of an agent and its environment. Next,
we introduce a method to measure the strength of these information flows. The main
idea our measures follow is that the strength of a connection is given as the minimal
difference between a full system and the set of systems without this connection. We
formalize this as follows.

Definition 4.1 (Measure W ,4). Let p be a full distribution factoring according to the
sensorimotor loop and let M be a set of positive probability distributions that factor
according to the sensorimotor loop but are lacking the information flow that we want to
measure. Then we define the measure Wy, by minimizing the KL-divergence between
M and the full distribution

U, = inf D .
m= inf (rlq

This equips us with a technique to measure all the information flows among the
different parts of the sensorimotor loop. Measures that use this approach to quantify
an information flow are discussed in, for example, [22, 19, 20, 32]. In a similar
setting, in [28], the amount of control an agent has over its environment is measured as
“empowerment”. The authors of [50] use such a measure to improve the efficiency of a
reinforcement learning algorithm.

An alternative to this observational technique is to actively perturb the system,
which would model an intervention and can be formalized by Pearl’s do-calculus,
described in [44, 43, 45]. This method is used in [11] to define causal information
flows. Different approaches to quantify the causal strength of an information flow are
discussed in [23].

As an example of our approach we now discuss the situation sketched in Figure 4.
There we have a simplified agent without a controller and without sensors. In this case
we have an agent that generates actions and influences its environment through them.

Consider a toy car with a broken remote that continuously moves forward and
steers left and right with a fixed probability. Now, depending on the environment we let
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this car run in, the actions might have a large impact on the state of the environment,
which includes the position of the car. In an open room the position of the car in the
next point is determined by its last position and the selected actions.

& @ G

Figure 4. Acting agent influencing its environment.

If, however, this car is in a labyrinth with narrow passages, then the next position of
the car is mostly determined by the environment. Now, we want to ask the question how
to measure the strength of the influence of the world, the actuators or their synergistic
influence. We start with quantifying a pair-wise connection.

First, we want to measure the influence of A; on W, given W, and we define a
set of distributions M that describe agents in which this connection does not exist,
sketched as dashed arrow in Figure 5. This means that the kernel o only depends on
W1 and Wy, hence a(wyyq|ay, w) = a(wgi|wy) for all (wiq,wy,a) € W x W x A.
The minimization in Definition 4.1 has the following closed form solution in this case

\OVES ](Wt+1;At|Wt)-

The equality above can be easily proven by using that the cross-entropy is greater or
equal to the entropy, as applied in a similar setting in Proposition 2 of [31].

0”0’0

Figure 5. Acting agent for which the connection between A; and Wy, should be
quantified.

Since Wy, can be written as a conditional mutual information we can conclude that
this measure is 0 if and only if W, is independent of A; given W;. In that case the
action of the agent would have no influence on the environment at all.

In addition to the pair-wise interactions we are also able to define a measure for
the synergistic influences based on triple-wise interactions, as sketched on the left of
Figure 6. If the toy car steers into an obstacle and pushes it away, then this outcome is
not determined by the action or the environment alone, but can only be explained by
considering the information from both, W; and A; at the same time.

Now, in order to measure the synergistic influence of W, and A; on W, we need to
define M as a set of all those distributions in which there exist no three-way interactions
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among the variables. These are sketched on the right of Figure 6. We are able to define
these distributions as those for which there exist two non-negative functions fi, fo such
that

p(wt+1 \’LUty at) = fl(wt-i-h at)fQ(wt-',-ly U)t)7

for all (wt+1,wt,at) eWxW x A.

(=) —E—(— )

L ddE

Figure 6. Sketch of an acting agent with a synergistic influence in (a) and one without

such an influence in (b).

Minimizing the KL-divergence in Definition 4.1 does not lead to a closed form
solution here. Instead, this can be calculated using, for instance, the iterative scaling
algorithm, defined in [16]. This is discussed in more detail in the context of a synergistic
measure for an internal prediction in [34] and a synergistic measure for Morphological
Computation in [20]. Next we introduce the notion of Morphological Computation in
more detail.

5. Morphological Computation

An embodied agent can interact with its environment in different ways depending on
the properties of its body. When we grasp a fragile object, for instance, we can vary
the amount of pressure that we are able to apply without damaging the object or
loosing grip, because of the soft tissue of our skin. However, a robot with a metal hand
needs to carefully calculate the amount of applied pressure. This intuitive concept,
that the morphology of the body can alleviate the computational burden of the brain,
is called Morphological Computation. There exist various definitions of Morphological
Computation, especially the use of the term “computation” is debated, as discussed in
more detail in, for example, [18, 38].

The importance of considering an embodied agent in a real environment in order
to understand its behavior is stressed in [13, 14] and the concept of Morphological
Computation was introduced in [48]. Remarkable cases of Morphological Computation
can be seen in the field of soft robotics, for instance in [39] in which die authors present
an octopus inspired robotic arm.

Additionally, Pfeifer and Bongard formulate in [46] the “cheap design principle”.
It states that the body of an agent should be constructed with the goal to exploit
the properties of their environment as best as possible. The authors of [37] use the
information-theoretic setting discussed here in order to formalize the notion of cheap
control architectures in the context of universal approximation.
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In Section 7 we discuss results of Morphological Computation measures in
experiments with simple simulated agents. Hence, we now introduce one class of
measures for Morphological Computation that stem from the concepts introduced in
the previous section. Figure 7 is a sketch of the three different information flows that
we can measure and associate with Morphological Computation. The measure used in
Section 7 quantifies the information flow through the world, given the action, marked
with (1) in Figure 7. This is also discussed in [21, 18].

On the other hand, we can also measure the impact that the agent has on its
environment, sketched as (2) in Figure 7. Subtracting the normalized strength of
this connection from one leads in [21, 18] to the definition of another Morphological
Computation measure.

The connection (3) in Figure 7, the interplay of the influences of W; and A; on
W11, is defined in [20] as a synergistic measure for Morphological Computation.

Figure 7. Different information flows that lead to a measure for Morphological
Computation.

Since it is often not possible to access the world states directly, we can instead use
only the information about the environment that is accessible to agents, given by the
sensory states. The justification for using S instead of W is discussed in [33].

6. Controller Complexity as Information Integration

Additionally, we are able to use this information-theoretic approach to assess the
complexity of the controller. In this setting the controller is given by a multivariate
random variable Cy = (C},...C") in each point in time ¢, as depicted for n = 2 on
the left hand side of Figure 8. In the previous sketches we display only one node per
random vector regardless of the dimension to increase readability.

Here we deem a controller to be complex if it is more than the sum of its parts.
Hence, we quantify the difference between the whole system and one in which the
different parts of the controller do not interact with each other. In the latter case there
is no information flow from C? to CY 1 if  # j, marked here by the dashed connections
in Figure 8. This means that the different controller nodes do not integrate information
among each other.
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On the left hand side of Figure 8 we only depict the controller without explicitly
including external influences, similar to the setting in [41, 4]. Instead, we now embed
this measure in the sensorimodor loop, which leads to the more complicated sketch on
the right hand side of Figure 8 that depicts the following measure

¢ = Z I(Cti+1§ Cg\i|0ti, Sii1),

which is discussed in the context of other information-theoretic measures in [31, 32].
Further similar complexity measures can be found in [7, 8, 24, 41, 4, 36].

Figure 8. Sketch of the Integrated Information in the controller in (a) and the
Integrated Information embedded in the sensorimotor loop in (b).

This measure of complexity is related to the Integrated Information Theory of
consciousness in which the capability of a system to integrate information is equated
with its amount of consciousness. This theory started as a measure for brain complexity
in [55] and developed through different iteration, mainly by Tononi and his coworkers,
towards a broad theory of consciousness, in, for instance, [54, 40, 2].

The different branches and iterations of the theory define various approaches to
measuring the Integrated Information in a system. The information-theoretic measure
discussed above can be seen in the context of [54] in which Tononi summarizes the
theory as follows:

“In short, integrated information captures the information generated by causal
interactions in the whole, over and above the information generated by the
parts.”

The information-theoretic framework discussed here allows us to calculate the
Integrated Information of a system as well as other measures such as the Morphological
Computation and relate them to each other. We discuss our previous results in the next
section.

Although the Integrated Information Theory is largely restricted to only considering
the controller, the following selection of studies relates the Integrated Information to an
agent’s behavior and environment. In [17] the authors simulate evolving agents in a maze

10
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and observe that the Integrated Information increases with the fitness of the agents. The
authors of [3] conclude that an agent needs an increased Integrated Information value
in order to navigate in a complex environment and in [1] a high Integrated Information
increases the likelihood of a rich, dynamical agent behavior.

7. Applications and Previous Results

Here we discuss two situations for which we have intuitive hypotheses that we were able
to confirm using the information-theoretic approach. There we measure the information
flows in simplistic settings with simulated agents.

When an embodied agent performs a task then it can make use of the properties of
its body in a more or less optimal way, using higher or lower amounts of Morphological
Computation. Hence, we would expect that the necessary controller complexity is
inversely correlated with the amount of Morphological Computation, meaning the more
an agent exploits its morphology, the less information integration in the brain is required.

This notion was summarized in [47], where the authors characterize the relationship
between the morphology and the controller in the following way:

“Second, there is a kind of trade-off or balance: the better the exploitation
of the dynamics, the simpler the control, the less neural processing will be
required.”

We are able to test this hypothesis by calculating the information-theoretic
measures for Morphological Computation and the controller complexity, discussed
above. In the article [33] we use simple simulated agents that move inside a racetrack
and have the goal to not touch the walls. These simulated agents consist of a round
body and two forward facing binary sensors that can detect a wall. Additionally, they
can be thought of as having two wheels that can spin either fast or slow, resulting
in four different movements, as depicted on the left of Figure 9. Inside the agent are
the different components, namely sensors, actuators and the controller, as described in
Section 3. The controller consists in this case of two binary nodes such that the measure
for the complexity of the controller corresponds to the one depicted in Figure 8. The
environment of these agents, with five agents moving in it, can be seen in Figure 9 (b).
In (c) there are seven different agents displayed with sensor length from 0.5 on the top
to 2 on the bottom. For each sensor length we select an optimal behavior using the
concept of planning as inference, discussed in, for instance, [6, 57, 56]. More details can
be found in [33, 32] and the corresponding code can be accessed at [30].

Figure 10 depicts the result of the Morphological Computation and the controller
complexity. The used Morphological Computation measure quantifies the information
flowing through the environment, given the action, which corresponds to the connection
marked by (1) in Figure 7. The x-axis of Figure 10 displays the quality of the sensors,
in this case the reach of the binary sensors. Varying this has a direct influence on the
interaction among an agent’s body and its environment. In Figure 10 we can observe

11



International Workshop on Embodied Intelligence (EI 2023) IOP Publishing
IOP Conf. Series: Materials Science and Engineering 1321 (2024) 012008 doi:10.1088/1757-899X/1321/1/012008

MY YWY Y ¥y o

Figure 9. (a) A sketch of the two-wheeled agent with its two sensors and four different
movements, (b) the environment with five different agents acting in it and (c¢) agents
with sensor length ranging from 0.5 on the top to 2 on the bottom.

an inversely correlated relationship between the Morphological Computation and the
complexity of the controller, given by the Integrated Information. The more an agent
interacts with the environment, the less complexity in the controller is required, as
hypothesized. So, the longer the sensors of the agents are, the more they can perceive of
their environment and the better they can interact with it. This better interaction with
the environment makes it possible for the agent to select appropriate actions without
the need for a complex control architecture.
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Figure 10. The arithmetic means over 100 agents of the Morphological Computation
on the top and the complexity of the controller in the bottom, discussed in detail in
[33].

Now the question remains why we would need a complex controller in agents that
perform simple tasks at all. We could design the morphology of the agents in a way
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that minimizes the need for a complex controller. Naturally, we would need a higher
complexity in the case of agents that are faced with more advanced settings or that have
to perform multiple tasks.

Here, we want to instead highlight the challenge that learning a new task poses.
As discussed in the introduction, via the example of a musician, performing a learned
task is often much easier compared to acquiring a novel behavior in the first place. The
agent might not know initially how to utilize the properties of the body best in order to
use Morphological Computation. Hence, our hypothesis would be that a learning agent
first needs a higher controller complexity, a higher integration of information, which
then decreases as the model learns to exploit the properties of the body.

1.51

1.0

0.51

Interaction between
body and environment

0.30

0.251

0.20] \\“_‘\\V//,_g//

Learning

Complexity of the
controller

0 1000 2000 3000 4000 5000
time steps

Figure 11. The results of the measures for the Morphological Computation on the
top and the complexity of the controller on the bottom of learning agents, discussed
in more detail in [34].

In [34] we observe simple simulated agents that learn how to move inside the
racetrack depicted in Figure 9 (b) and to avoid the walls using a modified em-algorithm.
The agents are very similar to the ones depicted in Figure 9 (a), but they additionally
have an internal prediction of their next sensory state in order to enable the learning.
A video of an agent in its environment and the code can be found at [29]. The learning
algorithm is described in more detail in the appendix of [34] and in Section 5.4 of [32].
The results of the agents that do learn to avoid the walls are given in Figure 11. On
the top we see the increasing Morphological Computation and the bottom depicts the
complexity of the controller. Here the controller complexity includes an Integrated
Information measure as well as a synergistic measure for the internal prediction. We
observe that there is an increased controller complexity in the first approximately 1500
time steps, after which the controller complexity decreases. Note that agents which do
not learn to perform the task have a lower Morphological Computation value and a
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constantly high controller complexity.

We conclude that an increased controller complexity is necessary for the agent to
understand and exploit the environment. The agent forms an internal model of the world
to predict the next sensory state. In order to learn an accurate model of the dynamics of
the environment the agent needs to combine different information sources, which leads
to a higher complexity of the controller. If the agent is able to form an accurate world
model, then the agent can make use of its body’s interaction with the environment.
Hence, a higher controller complexity can facilitate a better interaction of the agent’s
body with its environment, leading to a higher Morphological Computation. This higher
Morphological Computation then in turn reduces the necessity for a complex controller.
In conclusion, Morphological Computation and the controller complexity influence each
other.

8. Discussion

The information-theoretic framework discussed here enables us to measure all the
information flows among the different parts of the sensorimotor loop, namely the
environment and the sensor, actuator and controller nodes. Here it is possible to not
only quantify the pair-wise influences, but also the synergistic impact that two or more
variables have together on an additional variable.

Alternative information-theoretic approaches to measuring an information flow
make use of interventional methods, as discussed in, for instance, [11, 23]. Additionally,
the minimization defined here in Definition 4.1 is proposed to be changed in [9]. There
the author proposes to restrict the set M is further to more accurately describe the
underlying channel.

One caveat of the presented method is that it is only applicable for small, discrete
networks at the moment. Calculating the introduced information-theoretic measures
involves multiple iterations over the state spaces of the corresponding probability
distributions, which is very costly for large systems. Hence, for larger networks the
involved conditional probability distributions become intractable and would need to be
approximated. Similarly, calculating the measures in a continuous setting is a challenge,
because there the relative entropy can rarely be calculated directly but needs to be
estimated. Nonetheless, extending this framework to a continuous setting would make
it possible to analyze a wide range of more natural situations and is therefore a promising
direction for future research.

Furthermore, the measures discussed in this setting are defined using Shannon’s
information theory, as introduced in Section 2. In this theory the importance of an
information is solely judged by the frequency of its occurrence and not by its content,
as Shannon describes in [51] as follows:

“The fundamental problem of communication is that of reproducing at one
point either exactly or approximately a message selected at another point.
Frequently the messages have meaning; that is they refer to or are correlated

14



International Workshop on Embodied Intelligence (EI 2023) IOP Publishing
IOP Conf. Series: Materials Science and Engineering 1321 (2024) 012008 doi:10.1088/1757-899X/1321/1/012008

according to some system with certain physical or conceptual entities. These
semantic aspects of communication are irrelevant to the engineering problem.”

Hence, the syntax or semantics of a message are not explicitly included in the theory,
but one could argue that they would implicitly emerge over time.

Nonetheless, the introduced information-theoretic measures provide us with a
framework in which we can analyze every information flow among the different parts of
an acting agent. As demonstrated in Section 7 this can be used to confirm our intuitions
about the influences of the controller and the environment. In the future it might lead
to the discovery of interesting, counter intuitive relationships among body, brain and
environment.

In conclusion, information theory provides useful tools that could serve as an
additional viewpoint to analyze artificial learning and acting agents.
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