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 Three Projects: 
Structuring Information by Sensorimotor Coupling 
Mapping Information Flow in Sensorimotor Networks 
Maximizing Information and Evolving Coordinated Behavior 

Conclusions 



The Challenge of Embodied Cognition 



Dennett, Daniel C. (1978), Why not the whole iguana?, Behavioral and Brain Sciences 1:103-104.  

Embodied Cognition and AI 



Embodied Cognition 

Different levels of embodiment: 

•  Nunez:  trivial embodiment, material embodiment, full embodiment 
•  Clark: simple embodiment, radical embodiment 
•  Ziemke: structural coupling, historical embodiment, physical 
embodiment, organismoid embodiment, organismic embodiment 

Two views of embodied cognition: 

•  Embodied cognition as symbol- or representation-grounding. 
•  Embodied cognition as fundamentally anti-representational, entirely 
“body-based”. 

What is embodied cognition? 

Rejection of “Cartesian cognitivism” in favor of minimal representations, 
dynamic coupling between organism and environment.   
Emphasis on development and on self-organizing networks. 



Brain - Model 
-  complex networks 

-  coordination dynamics 

Body - Robot 
-  sensors and effectors 
-  movement repertoire 

World - Environment 
-  objects and events 

-  physics, statistical structure 

Neurorobotics: The Embodied Approach 



Embodied AI 

Classical AI has (largely) failed to provide working models of natural intelligence. 

Classical AI started 50 years ago at the Dartmouth Conference with the premise 
“that every aspect of learning or any other feature of intelligence can in principle be so 
precisely described that a machine can be made to simulate it” 

McCarthy, Minsky, Rochester  
and Shannon (1955)  http://www.ai50.org/ 

Embodied AI is attempting to overcome some of the problems by blending 
robotics and embodied cognition – an inherently interdisciplinary enterprise. 

Some key components and lessons of embodied AI: 
• Exploration of automated design methods (evolutionary robotics) 
• Emphasis on motivation, emotion and social interaction 
• Material properties and morphology affect computation 
• Embodiment and body dynamics can simplify complex control tasks 



http://www-personal.engin.umich.edu/~shc/robots.html 

Collins, S.H., Ruina, A.L., Tedrake, R., Wisse, M. (2005) 
Efficient bipedal robots based on passive-dynamic walkers, Science, 
307: 1082-1085.  

Body morphology and body dynamics can simplify complex control tasks 

(from left) puppy, stumpy 
and wanda (Fumiya Iida 
and Rolf Peifer, AI Lab 
Zurich) 



Embodied AI: A Different View 

"The worst fad has been these stupid little robots.  Graduate 
students are wasting 3 years of their lives soldering and 
repairing robots, instead of making them smart.  

It's really shocking.“ 

Marvin Minsky, WIRED, May 13 2003. 

… sadly, not everyone agrees … 



NOMAD monad 

Examples of Embodied AI (Neurorobotics) 

Neurosciences Institute Indiana University 

Development of visual RF properties 
(Almassy, Edelman & Sporns, 1998; 2000) 

Development, learning and reward 
(Alexander & Sporns, 2002; 2004) 



Embodiment and Information 



Information Theory in Psychology/Neuroscience 

Attneave (1954), Barlow (1959) – Redundancy in perception 
Redundancy in sensory stimuli is important for understanding perception. 

Barlow (1961) – Efficient coding 
Sensory processing involves transforming highly redundant sensory inputs into a 
more efficient code. 

Linsker (1987, 1988, 1989) – Principle of maximum mutual information (Infomax) 
Infomax leads to a reduction in redundancy in neural outputs compared to that 
present in the sensory input. 

Field, Olshausen, Simoncelli (1995, 2001), others … – sensory systems appear 
to be “optimized” to encode natural stimuli efficiently (efficient coding hypothesis). 

Bajcsy (1988), Aloimonos (1990), Ballard (1991), others… – Active perception 
simplifies a broad range of otherwise difficult computational problems.  
Perception is an active process in which the perceiver seeks out task-relevant 
information. 



Active Perception and Role of Behavior 

Perception is an active process in which the perceiver seeks out task-relevant 
information. 

Active perception simplifies a broad range of otherwise difficult computational 
problems (Bajcsy 1988; Aloimonos, 1990; Ballard, 1991). 

“Problems that are ill-posed, nonlinear, or unstable for a passive observer become 
well-posed, linear, or stable for an active observer.” 

“Since all the stimulations which the organism receives 
have in turn been possible only by its preceding 
movements which have culminated in exposing the 
receptor organ to external influences, one could also say 
that behavior is the first cause of all the stimulations.” 

Maurice Merleau-Ponty (1963) The Structure of 
Behavior 

Bajcsy (1988) 



Florida 2005 

Active Vision 

(1) 

(2) 

(4) 

(6) 

(3) 

(5) 

(7) 
Ilya Repin – An Unexpected Visitor (1884-1888) 



Active Vision 

Alfred Yarbus recorded eye movements of 
seven subjects looking at a painting 
(Repin's "An Unexpected Visitor") after 
being given instructions to either:  

(1) estimate the wealth of the family in the 
picture  
(2) give the ages of the people  
(3) guess as to what the family had been 
doing before the arrival of the "unexpected 
visitor"  
(4) remember the clothes worn by the 
people  
(5) remember the position of the people and 
objects in the room  
(6) estimate how long the "unexpected 
visitor" had been away from the family  
(7) or to simply look at the painting with no 
further instructions (free viewing) 

(1) 

(2) 

(4) 

(6) 

(3) 

(5) 

(7) 



Information Sampled by Animals and People 

Reinagel and Zador (1999):  
What is the structure of visual stimuli selected by 
human subjects as they view natural images?  Does 
active sampling result in a statistical difference 
compared to passive sampling?  

Betsch et al. (2004):  
Characterization of dynamic sensory inputs by means of 
standard second-order statistics and wavelet analysis. 
These methods were applied to videos of natural scenes 
recorded by a camera attached to a cat’s head. 

Results included higher frequency of horizontal contours, 
faster changes in position than orientation of contours. 



Information Processing and Embodiment 

Fitzpatrick and Metta (2003) 

Another example… 

Visual segmentation can be achieved 
through motor activity.  Pushing a block 
generates motion cues (information) that can 
be used by the robot’s visual system… 

COG 



Information Measures 

Quantifying Information in Networks – The Problem 

Young (1993) 



Information Measures 

Quantifying Information in Networks 

entropy: order/disorder/information 

mutual information: statistical dependence 

integration: global statistical dependence 

complexity: coexistence of local and global structure 

“multi-information” 

Other information-based measures exist but are not currently used in our work 
(e.g. synergy, redundancy). 



Embodiment and Information 

Embodied interactions have measurable effects on the statistical 
structure of sensory, neural, and motor data. 

Embodied systems (organisms, robots) shape their own sensory 
experience by structuring sensory data relayed to their control 
architecture (e.g. brain).   

Is there a critical role of behavior and morphology in information-
processing? 

Can we use tools from information theory to quantify the gain in 
information (or processing power) that is specifically due to 
embodiment? 

M. Lungarella, T. Pegors, D. Bulwinkle, O. Sporns (2005) “Methods for 
Quantifying the Informational  Structure of Sensory and Motor Data”,  
Neuroinformatics 3, 243-262. 

Important work in this area by Pfeifer, Nehaniv/Polani et al., Philippona/O’Regan…  



Active Vision System 

Camera-video set-up 

Goal: direct visual attention 
and gaze, thus allocating 
processing resources to 
spatial locations 



Active Vision System 

… see also Itti and Koch (1998, 2001) 

The image cannot be displayed. Your computer may not have enough memory to open the image, or the image may have been corrupted. Restart your computer, and then open the 
file again. If the red x still appears, you may have to delete the image and then insert it again. saliency map 



Active Vision System 



Tokyo 2004 

Two behavioral modes:   
  Random (de-coupling of sensory input from motor activity) 
  Foveation (coherent sensorimotor activity) 

Two video sources: 
  Synthetic video input 
  Natural video input 

Active Vision System 

rnd 

fov 



Results: Measures of Information 
synthetic video natural video 



Summary of Results 

Embodied sensorimotor activity (sensorimotor coupling) results in 
structured sensory inputs, as measured by entropy reduction, and 
increases in mutual information, integration and complexity. 

This points to an important role of coordinated sensorimotor activity in 
generating “good” statistical structure in inputs, thus aiding in 
information processing. 

Current projects: 

Using information theory to map information flow (causal relations) 
in sensorimotor networks. 
Use of information measures as design tools for body morphology, 
network structure and coordinated behavior. 

Sporns, Karnowski, Lungarella (2006) ICDL / Sporns and Lungarella (2006) ALifeX 



Mapping Causal Relations 



Mapping Causal Relations 

Mapping Causal (Directed) Influences in Networks – The Problem 



Mapping Information Flow (Causal Relations) 

Transfer Entropy 

Let’s take two time series x and y.  Does y causally affect x?  If so,                  

Transfer entropy essentially measures the deviation from the generalized 
Markov property                                       for time series x induced by another 
time series y. 

For comparison: 

if 

if 

= state transition probability 

Schreiber (2000) 



Mapping Information Flow in Robots 
Robot Platforms 

Roboto, 14 DOF, 2 DOF pan-tilt head system, 3 DOFs 
(joints) in left arm.  

Strider, 14 DOF, 3 DOF per leg, 2 DOF pan-tilt head 
system. 



Mapping Information Flow in Robots 

Robot Behavior 

fov 
(“embodiment intact”) 

rnd 
(“embodiment disrupted”) 



Mapping Information Flow in Robots 

fov 

rnd 

Information measures (non-causal) for ‘fov’ and ‘rnd’ conditions. 

In the ‘fov’ condition, more information structure is generated near the center of 
the visual field 

These results are consistent with the Lungarella et al., 2005 paper…. 



Mapping Information Flow in Robots 

Transfer Entropy Maps (roboto) 
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Lungarella and Sporns (2006) PLoS Comp. Biol. 



Mapping Information Flow - Learning 

Strider contained a simple value system, 
capable of sensing reward or aversiveness. 

Saliency factors were modulated by signals 
from the value system, resulting in changes 
in saliency profiles over time. 

An example experiment: 

red = reward 
blue = aversive 

blue = reward 
red = aversive 

switch 

Lungarella and Sporns (2006) PLoS Comp. Biol. 



Mapping Information Flow - Learning 

Following changes in saliency factors, 
patterns of information flow change 
over time. 

Lungarella and Sporns (2006) PLoS Comp Biol 

red = reward 

blue = reward 

saliency 



Mapping Information Flow - Morphology 

Does information flow (transfer entropy) 
depend on body morphology? 

Example: Spatial arrangement of 
photoreceptors in modeled retinae. 

Lungarella and Sporns (2006) PLoS Comp Biol 



Mapping Information Flow - Summary 

Application of time series analysis reveals specific patterns of 
causality (directed information flow) between sensory and motor 
variables.  Information flow (causality) is graded in magnitude. 

Causal dependencies allow statements about what portions of the 
environment exert causal effects on behavioral variables, solely on 
the basis of time series analyses and without other prior assumptions. 

In addition, they reveal the magnitude of causal effects exerted by 
behavioral variables on sensory inputs. 

Patterns of causality (information flow) change with experience-
dependent plasticity, and with changes in body morphology. 

Our method can be extended and generalized to include neural or 
other internal control variables. 



Evolving Coordinated Behavior 

movie by Karl Sims – www.biota.org 



Evolving Networks Using Information Measures 

example of a graph evolving for high complexity 

Networks evolved for high complexity 
are small-world networks, with a 
topology that is similar to that of the 
mammalian cerebral cortex.   

Sporns, Tononi and Edelman (2000) Cerebral Cortex; Sporns and Tononi (2002) Complexity 



Evolving Coordinated Behavior 

If embodied interactions can “create” additional information, can we use these 
measures of information as objective functions in optimizations to guide robot/
agent evolution? 

What sort of behavior actually evolves? 

population of  
agents/robots 

selection under an  
objective function 

R.I.P. offspring 

copying  
with mutation 

information measure 



Evolving Coordinated Behavior 

Genomes Consisted of 11 Alleles: 

A1-4: 4 saliency factors for R, G, B, Y 
A5: amplitude of random eye jitter 
A6-9: 4 amplitudes of arm joint movements 
A10: visual threshold for arm activation 
A11: amplitude of random arm jitter 

Mutations: 

 Ai(g) = Ai(g-1) + γ(0,µi(g)) 

Mutation Rate: 

 µi(g) = µi(G) + (µi(0)-µi(G))(1-g/G)3 

object 

environment 

visual sensors tactile sensors 

eye 

arm 



Evolving Coordinated Behavior 
behavioral optimization random 

information optimization information optimization 



Conclusions 

Embodiment can create additional information (structured 
input) and thus support neural information processing. 

Patterns of information flow (directed dependencies, causal 
networks) exist between sensory, neural and motor 
variables, and they change with sensorimotor coupling, 
learning and body morphology. 

Coordinated behavior can be evolved by using information 
as an objective function. 

Our work suggests new approaches to the study and design 
of embodied AI systems. 



Some Words of Advice 

Be competent, but don’t overspecialize 

Never loose sight of the “big question” 

Don’t follow the money 

Stay away from Kim Jong Il 

Always share your data and results 

Say crazy stuff at faculty meetings 


