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Abstract – The identification and quantification of couplings
between the individual components of a complex system can shed
light on its hidden dynamics and provide insights about its
mechanistic basis. Embodied cognition emerges and develops
largely from the dynamic interactions in the coupled system
formed by brain, body, and environment. A crucial problem is
how to quantify the informational structure present in the
dynamic network formed by such interactions. The focus of this
paper is on the identification and mapping of causal relations in
sensorimotor networks. Our analyses of several sensory and
motor variables collected from two different robotic platforms
reveal the presence of causal structure induced by dynamically
coupled sensorimotor activity. Causal links between sensory and
motor states are spatially and temporally specific, and are
sensitive to changing environments and movement strategies.
Mapping causal relations across brain, body and environment
allows the objective analysis of embodied sensorimotor
interaction.
Index Terms – Embodiment, Robotics, Complexity, Causal
Networks, Development

I. INTRODUCTION
Most theories of embodied cognition are built around the
notion that brain, body and environment are dynamically
interactive and that coherent, coordinated or intelligent
behavior is the result of this interaction [1]. Despite the central
importance of such interactions, little has been done to
develop a theoretical and quantitative framework that would
allow the identification and mapping of dynamic brain-bodyenvironment interrelationships. Here, we attempt an initial
step towards such a framework by identifying and mapping
causal relationships between sensory and motor data streams
obtained from two different robotic platforms.
Evidence to support embodiment comes from a broad
spectrum of empirical studies as well as modeling approaches
[2,3]. In a series of studies, we have investigated the role of
embodied interactions in actively structuring the sensory
inputs of embodied agents [4-6]. We found that coordinated
and dynamically coupled sensorimotor activity induces
quantifiable changes in sensory information, including
decreased entropy, increased mutual information, integration,
and complexity within specific regions of sensory space [4,5].
We proposed that active structuring of sensory information
may contribute to shaping development and learning, as an
important ingredient in perceptual categorization, multimodal
sensory integration and sensorimotor coordination.
The notion of brain-body-environment interaction
implicitly (or explicitly) refers to causal effects. Somewhat

simplistically, we may take a minimally but effectively
embodied system as one in which sensory inputs causally
affect motor outputs, and these motor outputs in turn causally
affect sensory inputs. Such “perception-action loops” may be
viewed as fundamental building blocks for learning and
development in embodied systems. As dynamic structures, we
would expect such loops to be intermittent and transient,
waxing and waning in the course of behavior and linking
sensory and motor events at specific time scales. Thus,
mapping causal relations between sensory and motor states is
likely to uncover networks that involve specific subsets of
sensory and motor units localized in time.
In this paper we apply a set of measures designed to
extract undirected and directed informational exchanges
between coupled systems, such as brain, body and
environment. In particular, we will use mutual information
and an extension of it – transfer entropy. We find that patterns
of non-causal as well as causal relations exist which can be
mapped between a variety of sensory and motor variables
sampled by two morphologically different robotic platforms (a
humanoid robot and a mobile quadruped). While the noncausal analyses confirm our previous findings, probing for
causal relations provides additional insights. We demonstrate
that causal information structure can be measured at various
levels of the robots’ control architectures and that the
extracted causal structure can be a useful quantitative tool to
reveal the pattern and strength of embodied interactions.
II. METHODS
A. Robots
We used two morphologically and behaviorally different
robotic platforms, a fixed miniature humanoid named roboto
(Fig. 1A1) and a mobile quadruped named strider (Fig. 1A2).
Roboto. For the present experiments we used 5 of
roboto’s kinematic degrees of freedom (DOF), 3 in the left
arm (shoulder, elbow, and wrist) and 2 in the head system
(pan and tilt) with a centrally mounted CCD camera. A red
object was connected to the tip of the arm’s most distal link
and the arm was moved in a preprogrammed pattern. Initially
the arm and object were positioned directly in front of roboto,
in view of the CCD camera. Then, the arm was abruptly
moved to a randomly chosen new position (“jump”), selected
within a range of the workspace of the individual joints,
resulting in a displacement of the object relative to the head.
Motor actions of the head were under visual control and

Fig.1: Robots, sensorimotor interactions, and control architecture. (A1) Roboto has a total of 14 DOF, 5 of which are used in the current set of
experiments. Note the head-mounted CCD camera, the pan-tilt head system (2 DOF), and the moveable left arm with shoulder, elbow and wrist
joints (3 DOF). The object is a red ball (1.25 inches diameter) attached to the tip of the last joint. (A2) Strider has a total of 14 DOF, with 4 legs
of 3 DOF each and 2 DOF in the head system. Objects are red blocks (1 inch cubes). (B1) Roboto engages in sensorimotor interactions via head
system and arm movements; sensory → motor (stippled arrows), motor → sensory (dashed arrows). (B2) Strider engages in sensorimotor
interactions via the head system, as well as via steering signals generated by the head and transmitted to the four legs. (C) Control architecture
consisting of color image arrays IR, IG, IB , color intensity map ColRGBY and saliency map Sal (see text for details).

resulted in foveation, essentially tracking the position of the
object as the arm was moved (Fig. 1B1). This jump frequency
was set to 1 every 10 time steps, and was varied for some of
the experiments.
Strider. While roboto was mounted on a pedestal, strider
(Fig. 1A2) was fully mobile and able to walk using four legs
with a total of 12 DOF. Locomotion was generated by
rhythmic movement of the four legs, using ipsilateral and
contralateral phase coupling between legs. Two additional
DOF were found in the head system (pan, tilt), which was
similar in construction and identical in terms of neural control
to that of roboto (see below). Motor actions of the head
system were under visual control, resulting in foveation of red
objects, distributed at random in the environment. The
position of the head system was communicated to the
locomotion controller to steer strider by modulating the
movement amplitudes of two of the legs. This amplitude
modulation resulted in gradual orientation of the body axis
towards the object, while fixation was maintained by the
independent action of the head system (Fig. 1B2). The
resulting behavior was a series of approaches to red objects,
each lasting for about 20 time steps, with intermittent periods
of “searching” while locomoting through the environment.

relative saliency of each of the four color components, and
were normalized such that their sum was 1. We set ηR=1.0,
which resulted in a strong preference of the active vision
system for the color red. The color saliency map was then
“block-averaged” to derive a map Sal with lower spatial
resolution (11×11), whose global maximum determined the
spatial location to which eye/camera movements were
directed. The spatial coordinates of the maximum were
eventually transformed into servo motor commands resulting
in fixation of the camera.

B. Neural Control Architecture
Both robots used an active vision system (Fig. 1C) designed to
direct attention – and thus processing resources – to particular
locations in space (see also [4]), according to their “behavioral
relevance”, or saliency, here encoded as color. The design of
the color system closely followed the one described in [7].

C. Data Collection
Visual sensory data was collected at a frame rate of
approximately 10 Hz by head-mounted CCD video cameras
and separated into red, green and blue components. Images
were down-sampled to 55x77 pixels. Motor data was collected
as motor commands were issued to the robot’s servos. We

The raw visual image was sampled at a resolution of 240×320
pixels, down-sampled to 55×77 pixels (arrays IR, IG, IB), and
luminance-scaled according to standard formulae. The scaled
components were then used to compute color opponent maps
for R, G, B and Y (“yellow”). Subsequently, an opponent
threshold was applied, followed by a “winner-take-all”
mechanism resulting in a color intensity map ColRGBY(R,G,B,Y)
that recorded each pixel’s thresholded intensity of the
dominant colors R, G, B and Y. From this map a color saliency
map
was
created
as
Sal=ηRColRGBY(R)+ηGColRGBY(G)+ηBColRGBY(B)+ηYColRGBY(Y),
where the scaling factors ηR, ηG, ηB, and ηY quantify the

collected data from five runs per condition. All runs had a
length of 1000 time steps (~100 seconds).
D. Informational Measures
We evaluated four non-causal informational measures, all
fundamentally based on statistical entropy. These measures as
well as some of the details of their computational derivation
are discussed in more detail in [4].
Entropy. Entropy measures the average uncertainty, or
information, of a random variable X, calculated from the state
probability distribution according to
[1]
H(X ) = −
p( xi ) log p( xi )

∑

i

where p(xi) is the probability of X being in state xi. Entropy is
maximal if all states occur with equal probability (maximal
disorder and uncertainty), while deviations from equal
probability result in lowered entropy (increased order and
decreased uncertainty).
Mutual Information. Mutual information is a general
measure of association between two or more random
variables, naturally encompassing both linear and nonlinear
dependencies. The formal definition of mutual information in
terms of single and joint state probability distributions is:

MI ( X , Y ) = −∑∑
p ( xi , y j ) log
i
j

p ( xi ) p ( y j )
p ( xi , y j )

.

[2]

MI(X,Y) is zero if X and Y are statistically independent, i.e.
p(x,y) = p(x)p(y). Any statistical dependence between X and Y
results in MI(X,Y) > 0. In a sense, mutual information
quantifies the error we make in assuming X and Y as
independent variables. Mutual information does not provide
any information about the magnitude or the direction of
potential causal relationships between X and Y. In general,
statistical dependency as measured by MI(X,Y) is insufficient
to indicate causal effects of X over Y, or Y over X, thus
requiring the use of special techniques (see below).
Integration. Integration is the multivariate generalization
of mutual information and captures the total amount of
statistical dependency among a set of random variables
forming elements of a system X. Integration is defined as the
difference between the individual entropies of the elements
and their joint entropy:
[3]
I(X ) =
H ( xi ) − H ( X ) .

∑

i

As for mutual information, if these elements are statistically
independent, their integration will be zero. Any amount of
statistical dependence leads to I(X) > 0.
Complexity. If a system has positive integration, i.e. some
amount of statistical dependence, we may ask how this
statistical dependence is distributed within the system. If the
system consists of locally segregated and globally integrated
components, we would expect to find statistical dependence
among units at specific spatial scales. Such a system,
combining local and global structure, has high complexity:

C ( X ) = H ( X ) − ∑i H ( xi X − xi ).

[4]

Complexity is high for systems that effectively combine local
and global order, for instance systems that are both
functionally segregated and functionally integrated. On the
other hand, complexity is low for systems that are entirely
random, or entirely uniform.
Transfer Entropy. In addition to these non-causal
informational measures, we used a measure that aims at
extracting causal relations from time series data, called
transfer entropy [8]. Given two time series xt and yt, transfer
entropy essentially measures the deviation from the
generalized Markov property: p(xt+1|xt) = p(xt+1|xt,yt), where
p denotes the transition probability. If the deviation from the
generalized Markov process is small, then we can assume that
the state of Y has no (or little) relevance on the transition
probabilities of system X. If the deviation is large, however,
then the assumption of a Markov process is not valid. The
incorrectness of the assumption can be quantified by the
transfer entropy, formulated as the Kullback-Leibler entropy:

T (Y → X ) = ∑ p( xt +1 , xt , yt ) log

p( xt +1 | xt , yt )
. [5]
p( xt +1 | xt )

The index YÆX indicates the influence of Y on X. The transfer
entropy is explicitly non-symmetric under the exchange of X
and Y – a similar expression exists for T(XÆY) – and can thus
be used to detect the causal influence of one time series onto
another.
In summary, applied to sensory, neural and motor data
sets, entropy quantifies the average uncertainty (or selfinformation) about the state of individual elements, while
mutual information measures the degree to which two
elements are statistically related. Integration serves as the
multivariate extension of mutual information, capturing the
degree to which all elements share information. The degree to
which individual elements are specialized (reporting
statistically independent events) while also sharing
information (through global interdependence) is captured by
complexity. Transfer entropy is designed to detect “directed”
information exchange or coupling between two elements or
parts of a system. Note that while all measures capture the
strengths of associations among variables (accessed through
joint entropy), associations are statistical estimates that may
be due to actual interactions among the variables or due to
common effects exerted by unobserved (outside) sources.
E. Data Analysis
All numerical computations for data analysis were carried out
in Matlab (Mathworks, Natick, MA), and were performed for
data samples of 1000 time steps. Data sets were examined for
stationarity, and non-stationary runs were excluded from the
analysis. To calculate entropy and mutual integration, data
samples were discretized to 16 states (4 bits), to allow stable
estimates of probability distributions.

Fig. 2: Averages of non-causal informational data obtained from 5 runs (1000 time steps each) of roboto. (Bottom) Informational measures
entropy, mutual information, integration and complexity applied to sensory data sampled in ‘fov’ (A) and ‘rnd’ (B) conditions. Gray scale (at
right) ranges are [2 4] bits (entropy), [0.35 0.95] bits (mutual information), [23 48] bits (integration), [0.4 0.65] bits (complexity).

As in [4], mutual information, integration and complexity
were calculated from differenced data sets, i.e. we replaced
the original time series with its temporal derivative. The use of
differenced data is motivated by the sensitivity of visual
neurons to spatial and temporal changes resulting in more
stable representations of object properties especially in the
presence of object motion.
To calculate integration and complexity, we used
statistical formulae [9] that allow the calculation of entropies
from the covariance matrix, under the assumption that these
covariances were generated by a stationary Gaussian random
process with zero mean and unit variance. All differenced data
samples were examined for Gaussian state distributions (by
fitting state histograms) as well as stationarity (by ensuring
stable means and standard deviations across time).
To calculate transfer entropy, time series were discretized
to 8 states (3 bits) and joint probabilities and conditional
probabilities were estimated using the naïve histogram
technique, that is, as normalized histograms (as in [4]).
Temporal delays across time series were introduced by
shifting one time series relative to the other, thus allowing the
evaluation of causal relationships across variable time offsets.
Delayed causality was potentially introduced by the discrete
nature of the updating of the control architecture and by the
temporal persistence of sensory and motor states.
To evaluate the contribution of sensorimotor coupling to
all informational measures, we compared two experimental
conditions, one in which sensorimotor coupling was
undisturbed and one in which sensorimotor coupling was
disrupted – we refer to these two conditions as ‘fov’ and ‘rnd’,
respectively. In condition ‘fov’ all sensory, neural and motor
dynamics unfolded without intervention in real time. In
condition ‘rnd’, a previously recorded motor signal was
substituted resulting in motor activity that was not driven by
actual real time sensory inputs. This enforced dissociation
between sensory and motor data was designed to disrupt
sensorimotor coupling, while leaving intact the statistical
patterns within both sensory and motor domains. Differences

in informational measures between these two conditions could
be attributed to the presence or absence of coupling between
sensory and motor streams.
III. RESULTS
A. Non-Causal Informational Structure
Figure 2 shows maps of entropy, mutual information,
integration and complexity for data collected from array IR in
roboto. We observed increased cumulative intensity of the
color red near the center of the visual field (not shown), as
well as decreased entropy and increased mutual information,
integration and complexity. This pattern was observed only if
the sensorimotor interaction was undisturbed (‘fov’; Fig. 2A).
All measures exhibited significantly weaker effects if
sensorimotor interaction was disrupted (‘rnd’; Fig. 2B). Very
similar informational patterns were observed for neural
activation states of Sal, as well as for IR, IG, IB and Sal in
strider.
These results were entirely consistent with those reported
earlier for a different robotic pan-tilt platform tracking salient
stimuli in color movies [4]. While all these platforms shared
similar active vision control architectures, their body
morphologies were significantly different, as was the nature of
their visual stimulation.
B. Mapping Causal Relations
Informational measures based on mutual information are
unable to detect directional flow of information or causal
relationships among interacting variables. Therefore we
probed for causal relations by using an informational measure
designed to capture causal structure – transfer entropy. Figure
3 summarizes one such analysis, performed on the same data
sets used for the non-causal analyses shown in Fig. 2. The
introduction of variable time offsets between sensory (S) and
motor (M) time series data allowed us to plot causal relations
between these variables across all time delays (Fig. 3A1;B1).

Fig. 3: Causal information structure (transfer entropy) between sensory input, neural representation of saliency and motor variables in roboto.
(A1) Transfer entropy between array IR (variable S) and pan-tilt amplitude (variable M). Series of plots show maps of transfer entropy from S
to M (S→M) and from M to S (M→S) over visual space (55×77 pixels), calculated for time offsets between -7 (“M leading S”) and +7 (“S
leading M”) time steps. Plots show data for conditions ‘fov’ as well as ‘rnd’. The gray scale ranges from 0.0 to 0.5 bits (for all plots in this
figure). (A2) Curves show transfer entropy for 5 individual runs (thin lines) as well as the average over 5 runs (thick lines) between the single
central pixel of array IR (S) and pan-tilt amplitude (M), for directions M→S (black) and S→M (gray). (B) Same format as (A), but for neural
activations of saliency map substituting as variable S (11×11 neural units). (A3) z-score maps of significant image regions (z-scale 0 to 6).

When examining the relation between visual inputs (S,
array IR, Fig. 3A1) and the amplitude of pan-tilt head
movements (M) for condition ‘fov’, we found positive transfer
entropy in the direction S→M at offsets of +1 and (with
decreasing magnitude) for offsets bigger than +1. No transfer
entropy was found for offsets less than or equal to zero. In the
reverse direction, we found transfer entropy in the direction
M→S when M preceded S by at least one time step (time
offset = –1) with a falloff towards more negative offsets. For
condition ‘rnd’, transfer entropy was diminished if not
eliminated, in accordance with the experimentally introduced
disruption of causal interactions between sensory and motor
time series. Residual transfer entropy in the direction M→S
persisted in condition ‘rnd’, as pan-tilt head movements
continued to cause displacements of the visual scene, albeit
de-coupled those of the red object. Fig. 3A2 show plots of
transfer entropy across all offsets for the center of array IR.
Fig. 3A3 shows z-score maps for transfer entropy, computed
by comparing transfer entropy at or near zero time offset to
baseline values. This provided a statistical estimate of image
regions that exerted significant causal effects on motor states
(S→M) or were causally affected by motor states (M→S). We
found that only the surface representation of the red object
caused head displacement, which in turn caused displacement
of the entire visual scene (including background).

Fig. 3B utilized the activity pattern of the saliency map, a
neural variable, as the sensory (S) time series. Similar patterns
of causality were revealed, with peak transfer entropies that
were equal, if not greater in magnitude, compared to those
obtained analyzing data from IR.
Peak transfer entropies depended on a variety of factors,
including some key parameters in the behavioral pattern. We
varied the “jump frequency”, i.e. the frequency with which the
object in roboto’s hand was translated to a new randomly
chosen position. This “jump” could not be predicted by the
head system and acted like a large environmentally driven
perturbation that elicited corrective action by the pan-tilt unit
to maintain foveation. Peak transfer entropies declined as
these jumps became less frequent (peak T(S→M) was 0.29,
0.28, 0.23, 0,12, 0.05 bits, for jump frequencies of 5, 10, 20,
50 and 100 time steps; n=5 runs). No significant transfer
entropy was measured if the object was not moved at all and
always remained foveated. This result indicated that transfer
entropy increased with the amount of environmental changes
causing behavioral responses – even if the perception-action
loop was unperturbed (as for condition ‘fov’). Transfer
entropy was zero if no changes occurred.
We measured MI between S and M, for comparison with
transfer entropy. Invariably, MI was maximal for time offsets
of 0, with a sharp and symmetrical decreasing profile for
larger offsets. Numerical values of MI tended to be equal or

slightly bigger than those for transfer entropy (e.g. peak
MI(S,M) = 0.43 bits, compared to peak T(S→M) = 0.28 and
T(M→S) = 0.45 bits. Mutual information, however, does not
measure the direction of information flow but only its
magnitude, that is, it does not allow us to determine if and
how strongly S drives M or vice versa.
Summaries of spatial profiles (z-score maps) for transfer
entropy obtained from strider are displayed in Fig. 4. While
considerably more noisy, profiles for T(S→M) and T(M→S)
reveal similar causal relations between IR, Sal and pan-tilt
amplitude, with peaks for transfer entropy near the center of
the visual field. Plots of T(S→M) and T(M→S) between
sensory maps and leg movement amplitudes display peaks that
are laterally displaced, reflecting the steering input relayed
from laterally located visual targets via the head system to the
legs. For example, visual targets on the right side resulted in
decreased movement amplitudes of the legs on the right side
of the body axis, a causal connection that is retrieved via
estimation of transfer entropy between the appropriate
sensorimotor variables.

transfer entropy quantifies causal dependency between
sensory input and motor output. This assumption is supported
by the intuitive appeal of the informational pattern observed in
condition ‘fov’ reflecting the notion that S causes M (by
generating the motor signal) and that M causes S (by
displacing the visual image). Going beyond this intuitive
notion, our analysis also reveals specific patterns of causality.
Causal interaction is a) quantifiable and variable in
magnitude; b) temporally specific, with peaks located at time
offsets of +1 and -1 time steps, respectively; and c) spatially
specific, i.e. image portions in the center of the visual field
display significant transfer entropy, while peripheral areas in
many cases exhibit no causal relations.
Causal analyses have been carried out by Seth [11] who
demonstrated that rich adaptive behavior displays a higher
density of causal interactions in neural networks, as well as a
stronger causal flow from sensory input to motor output. Our
work complements Seth’s in that we emphasize the transfer of
information in sensorimotor networks instead of neural
networks. By connecting both streams of research it might be
possible to show that neural processing and sensorimotor
interaction are important mechanisms that can strengthen the
causal binding between brain, body and environment.
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