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Development!as!a!!

complex!dynamical!system:!!

beyond!the!innate/acquired!divide!

(Byrge, Sporns, Smith, TICS 2014 
Gottlieb, 1991) 
(Yu and Smith, 2012) 
(Thelen and Smith, 1994) 



Pattern!formation!in!non&organic!

dynamical!systems!
!

(=!no!natural!selection,!no!genes,!no!learning)!!





 
low-level short term physical laws  

!  
long term formation of macro structures with different symmetries 

 

Self-organization in complex systems 



Development:!a!complex!dynamical!system!
with!several!spatiotemporal!scales!



What scientific languages and tools to 
understand complex dynamical 

systems? 



D’arcy Thompson  
On Growth and Form (1912) 

Mathematical models 



Computational 
models 
 
The Chemical Basis of 
Morphogenesis (1952) 
Alan Turing 
 



Termite nest formation 
(Dorigo, Deneubourg et al.) 



Models of 
human 

development 

Explore the landscape 
of complex dynamics 

 
Generate new ideas 

and hypotheses 



(1)!Robots!are!useful!!

to!better!conceptualize!!

the!impact!of!the!body$$

The example of walking 



Walking!=!calculating?!



Morphology!and!self&organization!!

of!bipeb!walking!

Tad McGeer (McGeer, 1990), Nagoya Univ. (2005) 



Morphological+computa/on+

(Ceccato et Cazalets,  
2009) 

The+Acroban+humanoid+(Ly,%Lapeyre,%Oudeyer,%2011,%IROS)%
+

•  Collaboration$with$Labri/
Univ.$Bordeaux$I$

$
•  Collaboration$with$J@R.$

Cazalets,$Integrative$
Neuroscience$Institute,$
Bordeaux!





(2)!Physical!properties!of!sensors:!

their!role!in!the!self&organization!

of!hand&face&gaze!networks!



(Yamada, Mori and Kuniyoshi, 2010) 

mouth open and tongue movement) (Rochat, 1997).
Due to the body complexity it is unlikely that new-
born integrates somatosensory and motor informa-
tion without learning. Thus, it seems reasonable to
hypothesize that the sensorimotor integration starts
from the fetal stage.

To summarize, GMs, the somatosensory modality,
and the central nervous system, which are all im-
portant elements in the early development of senso-
rimotor integration, are already present at the fetal
stage. The self-organization of sensorimotor integra-
tion in S1 and M1 is starting from the fetal stage
and continues to develop through early developmen-
tal period on the basis of somatosensory and motor
information arising from GMs.

2.3 Early developmental scenario for self-
organizing goal-directed behaviors

We proposed an early developmental scenario for the
self-organization of goal-directed behavior guided by
a principle of sensorimotor integration based on sen-
sory constraints. A model of this early developmen-
tal scenario is described below.

Human babies are actively engaged in GMs gen-
erated by neural oscillators in the lower spinal cord,
which causes various types of interaction with the
environment. Somatosensory information from these
interactions is projected to S1, and representations of
sensory experiences are formed by a self-organizing
process. Furthermore, spatial attention dynami-
cally modulates these representations. M1 receives
this information from S1, and adjusts motor activ-
ity projecting neurons involved in motor activity.
Somatosensory and motor information is integrated
in M1 through self-organizing process based on the
contingency of the information. In such a process,
it must be emphasized that sensory constraints in-
evitably affect the self-organizing process. As a con-
sequence, the self-organization process endows move-
ments with tendencies that reflect the sensory con-
straints, and enable the emergence of goal-directed
behaviors.

2.4 Neural model

We developed a neural model that represents
our early developmental scenario, involving sim-
plified but biologically realistic properties (Fig.
1). All modules are integrated with time de-
lay (transfer lag between modules) and gain pa-
rameters. These parameters were largely deter-
mined based on previous work by Kuniyoshi et al.
(Kuniyoshi and Sangawa, 2006). However, with a
change of learning rule for connections the gain pa-
rameters were changed from M1 neurons to neural
oscillators, α and γ motor neurons (GNO, Gα and
Gγ).

Figure 1: Neural model. S1 : primary somatosensory

area model, M1 : primary motor area model, Neuro-

modulation : neuromodulation model, Neural oscillator

: neural oscillator neuron model, S0 : afferent sensory

interneuron model, α : α motor neuron model, γ : γ mo-

tor neuron model, Mechanoreceptor : mechanoreceptor

model, Spindle : muscular sensory organ model, Ten-

don : Golgi tendon organ model. Arrow and filled circle

represent excitatory and inhibitory connections, respec-

tively. Thick broken lines represent all to all connections

with plasticity.

We adopted the muscle and spinobulbar model de-
veloped by Kuniyoshi et al. based on a biological per-
spective (Kuniyoshi and Sangawa, 2006). The mus-
cle model generates power by inputting motor com-
mands, and then outputs sensory information via
spindle and Golgi tendon models. Activity in the
spindle model codes the length and velocity of its
embedded muscle. The Golgi tendon model serves
as a tension sensor. A composition element of the
spinobulbar model consists of the muscle, α and γ
motor neurons, afferent sensory interneuron S0, and
neural oscillator models. Though each element is
not directly mutually connected, these are mutually
coupled and various whole-body movements emerge
through the embodiment by the property as a non-
linear oscillator in the neural oscillator model.

As a tactile cell, we focused on a Merkel cell which
is a type of cutaneous mechanoreceptor and mainly
detects pressure. We used a Merkel cell model that
is a low pass filter with a cutoff frequency of 50 Hz
(Freeman and Johnson, 1982). Tactile information
is projected to S1 model through S0 model.

The model of S1 and M1 is based on Chen’s work
(Chen, 1997). This model consists of self-organizing
maps with continuous dynamics and whose neurons
are arranged in a faveolate structure on a plane (Fig.
2). A neuron of the S1 model receives input from all
S0 neurons, whose activity codes somatosensory in-
formation. Each neuron in the M1 model is also fully
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Figure 7: Overview of simulation with fetus model in

uterine environment. Red strings represent muscles and

blue sphere represent uterine wall.
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Figure 8: Uniform and non-uniform distribution of tactile

sensors with fetus models.

uniform tactile distributions where density was based
on human two point discrimination (Fig. 8). We
constructed tactile distributions based on the work
of Mori et al. (Mori and Kuniyoshi, 2010). We set
a two-dimensional 6 × 12 number of neurons in S1
and M1 models, and set parameters to GNO = 1.0,
Gα = 1.0, Gγ = 0.5, ηS0,S1 = 0.01, and ηM1 = 0.01.

We investigated the time ratio of hand-face con-
tact behaviors every 200 sec. during 0-2000 sec. and
18,000-20,000 sec. (Fig. 9). Face region was defined
as Fig. 10. When the distance between hand cen-
troid and face region was less than or equal to 0.03
m, we considered the movement to constitute hand-
face contact. No difference in time ratio before and
after learning was observed with a uniform tactile
distribution. However, when the tactile distribution
was non-uniform, time ratios in both hands showed
a clear increase over the same learning period.

3.2 Hand regard behaviors

We examined our hypothesis that the limitation of
visual field would lead to the emergence of hand re-
gard behaviors as a result of self-organization. We
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Figure 9: Time ratio of hand-face contact behaviors be-

fore and after learning in fetus models with uniform and

non-uniform distribution of tactile sensors.

Figure 10: Face area in fetus model. Area surrounded

with blue line is face area.
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Figure 11: Direction probability distributions of 1-joint

models with uniform and non-uniform neuromodulation

after learning.

reflected this visual constraint using a neuromodula-
tion model. Thus, we first examined whether a neu-
romodulation model could guide the organization of
motion using a 1-joint model, and then conducted an
experiment with an infant model.

3.2.1 Experiment with 1-joint model

In the experiment, we compared the 1-joint model in
situations with uniform and non-uniform neuromod-
ulation. In the uniform neuromodulation model, Gη

was constantly 1.0. In contrast, in the non-uniform
neuromodulation model, Gη was changed based on
the upper link direction (Fig. 11). We set a two-
dimensional 3 × 3 number of neurons in S1 and M1
model, with parameters set to GNO = 1.0, Gα = 0.5,
Gγ = 0.2, ηS0,S1 = 0.0005, and ηM1 = 0.0001.

To determine how neuromodulation influences mo-
tion behavior, we investigated the motion generated
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of tactile cells 

Non-uniform distribution 
of tactile cells 

Uterine environment 

Muskulo-skeletal model 

Perceptuo-motor neural network 



then shown the foil object on the table 25cm to the other side of midline (e.g., right) so that the
robot positioned its body differently to view the foil (Step 2). These two presentations were re-
peated (Steps 3 and 4). This series of presentations created activations (and thus associations)
between the visual properties of the objects and the body’s momentary posture (Fig. 2B-C). In
Step 5 with no object in view, the experimenter directed the robots attention (and elicited a pos-
ture) associated with the location of the target and said the new word “modi”. This input drove
activation in the Word and Posture fields and constitutes a potential mapping of the heard
name to the object, albeit indirectly through the associated activations in the Posture Field. In
Steps 6 and 7, the two objects were presented at their associated locations without naming. Step
8 was the test of Word-Object mapping; the two objects were presented in novel and shared lo-
cations to which the robot oriented. External Visual input was then briefly stopped, the word
‘modi’ was spoken, and both the behavioral (orientation to and reaching to the target object)
and internal response of the robot was measured. Although the stopping of visual input at this
point is unnatural (and not what would happen with a living learning), we did it to control for
a potential bias resulting from the varying exposure time to each object with the goal of isolat-
ing posture as the controlling variable. An internal activation of the perceptual properties asso-
ciated with the target requires that the neural model map the name to the object through the
shared association with a posture (a sensory motor solution). However, because we test that
mapping in a new location, that mapping must transcend momentary posture (a seemingly

Fig 1. The neural model controlling the iCub robot in ongoing learning. External input to each field is constantly driven by visual input, momentary body
posture, and online speech recognition. Internal input to each field is a spreading activation via associative connections subject to ongoing learning and via
the body posture. Note: the neural model forms the highest layer of a subsumption architecture controlling the robot, further details are in the Supplementary
Information to this paper. (The individual shown in this figure has given written informed consent (as outlined in PLOS consent form) to publish this image).

doi:10.1371/journal.pone.0116012.g001

Posture Affects How Robots and Infants MapWords to Objects

PLOS ONE | DOI:10.1371/journal.pone.0116012 March 18, 2015 4 / 17

9—Interference task with posture shift at Step 5 (Robot Experiment 5). The timeline of events
for the infant experiments are shown in Fig. 4.

The results (Fig. 5) replicated the qualitative findings with robots: Postural consistency en-
abled infants to link a name and object experienced at distinct times but created interference
when different meaningful events (different objects) are associated with overlapping postural
stance. However for Experiment 8 (interference task), in which the target is named in the foil
location associated with a different posture, infant results show a significantly below chance
level of selection of the target, while in the robot experiments this is not significantly below
chance. This suggests that infant memory for the object previously associated with a postural
direction of attention is stronger than was assumed in the robot model. The key point, howev-
er, is this: Although posture is not typically considered a relevant factor in human cognition
(but see [39–42]), humans, like the robot, are faced with the problem of how to integrate cogni-
tion with bodily actions that always depend on the momentary posture and thus one expedient
solution—for toddlers as well as the robot model—may be the dynamic binding of cognition to
body posture. The infants, like the robot, were tested for their word-target mappings in new lo-
cations and postural stances. Thus, the infant results, like the robot model, indicate that senso-
rimotor representations tied to postural orientation (and thus smoothly linked to bodily
action) can yield one signature character of cognition: the seeming independence of knowledge
from the body.

Directly comparing the robot and child data (see Fig. 5) we can see a very close match be-
tween the overall performance for the children and the low-learning-rate robot in each condi-
tion (within 2%) and yet there are differences: on the interference task with no posture shift,
the child data (experiment 8) was significantly below chance while the robot data (experiment
4) was not. In every experimental condition we can see that the standard error is slightly greater
for the robot vs child data, showing that the robot data was slightly more variable than the
child data. We attribute both differences to inherent noise in the camera image driving the

Fig 4. Timeline of experiment 6 (above) and experiment 8 (below). Steps 1–4 expose the infant to the target and foil objects in consistent left and right
locations. In step 5 the infant is told ‘this is a modi’while the objects are out of sight (hidden in buckets) in experiment 6, or while the foil object is in the target
object location and being attended in experiment 8. Steps 6 & 7 repeat the original exposure of the target and foil, and in step 8 the infant is shown both
objects in a new location and asked ‘where is the modi’. Experiments 7 and 9 follow the same timeline with the addition that step 5 occurs in a different
posture from all other steps. (The individual shown in this figure has given written informed consent (as outlined in PLOS consent form) to publish this image).

doi:10.1371/journal.pone.0116012.g004

Posture Affects How Robots and Infants MapWords to Objects

PLOS ONE | DOI:10.1371/journal.pone.0116012 March 18, 2015 8 / 17
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Posture Affects How Robots and Infants Map
Words to Objects
Anthony F. Morse1*, Viridian L. Benitez2, Tony Belpaeme1, Angelo Cangelosi1, Linda
B. Smith3

1 Cognition Institute, Center for Robotics and Neural Systems, University of Plymouth, Drake Circus,
Plymouth, PL4 8AA, United Kingdom, 2 Department of Psychology, University of Wisconsin-Madison, 1202
W. Johnson St., Madison, WI 53706, United States of America, 3 Psychological and Brain Sciences, Indiana
University, 1101 East Tenth Street, Bloomington, IN 47405-7007, United States of America

* anthony.morse@plymouth.ac.uk

Abstract
For infants, the first problem in learning a word is to map the word to its referent; a second
problem is to remember that mapping when the word and/or referent are again encountered.
Recent infant studies suggest that spatial location plays a key role in how infants solve both
problems. Here we provide a new theoretical model and new empirical evidence on how the
body – and its momentary posture –may be central to these processes. The present study
uses a name-object mapping task in which names are either encountered in the absence of
their target (experiments 1–3, 6 & 7), or when their target is present but in a location previ-
ously associated with a foil (experiments 4, 5, 8 & 9). A humanoid robot model (experiments
1–5) is used to instantiate and test the hypothesis that body-centric spatial location, and
thus the bodies’momentary posture, is used to centrally bind the multimodal features of
heard names and visual objects. The robot model is shown to replicate existing infant data
and then to generate novel predictions, which are tested in new infant studies (experiments
6–9). Despite spatial location being task-irrelevant in this second set of experiments, infants
use body-centric spatial contingency over temporal contingency to map the name to object.
Both infants and the robot remember the name-object mapping even in new spatial loca-
tions. However, the robot model shows how this memory can emerge –not from separating
bodily information from the word-object mapping as proposed in previous models of the role
of space in word-object mapping – but through the body’s momentary disposition in space.

Introduction
Robotics makes clear the evolutionary feat that is biological intelligence [1–4]. Smooth and ef-
fective action in a constantly changing physical world requires the continuous coupling of sen-
sors and effectors to those changing physical realities [2,5–8]. However, an intelligent system
that does more than react also needs stable cognitive products such as categories and decisions
that are at least partially decoupled from the here-and-now on which sensing and acting are so
dependent [9]. Building artificial devices that can perform both sensorimotor and cognitive
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(3)!Modelling!!

closed$perception@learning@action$loops$!
to!understand!how!!

short@term$mechanisms!!

scaffold!developmental!organization!!

on!the!long$term$



Curiosity,!attention!and!learning!

•  Infants are interested by 
surprising/novel events: 
assumption of looking time 
method in dev. Psychology 

•  Experience of novel/surprising 
events fosters memory retention 
in infants and adults (Stahl and 
Feigenson, 2015; Kang et al., 
2009) 

 



Active!search!for!novelty/complexity:!!

a!form!of!intrinsic!motivation!

Hull!!(1943),!White!(1959):!Basic!

forms!of!motivations!(e.g.!

motivation!for!food!and!water,!

for!sex,!motivation!for!the!

maintainance!of!physical!

integrity,!search!for!social!

bonding)!can!not!account!for!

the!whole!diversity!of!

spontaneous!exploratory!

behaviours!of!humans.!!

 

! Intrinsic!drive!to!reduce!uncertainty,!and!to!experiencing!novelty,!surprise,!
!cognitive!dissonance,!challenge,!incongruences,!…!

! Optimal!interest!=!optimal!difficulty!=!neither!trivial!nor!too!difficult!challenges!

Berlyne!(1960),!White!(1960),!Kagan!(1972),!Csikszentmihalyi!(1996),!(Kidd!et!al.,!2012),!…!

 



Open!questions!!

in!psychology!and!neuroscience!



(1)!What!are!the!features!of!

interestingness?!

•  High novelty/high complexity? 
•  Surprise? (Itti and Baldi) 
•  Knowledge gap, cognitive dissonance? (Kagan, Festinger, Lowenstein) 
•  Intermediate novelty, intermediate complexity? (Berlyne, Kidd) 
•  Intermediate challenge? (White, Csikszentmihalyi) 
•  Free energy? (Friston) 
•  Learning progress, improvement of prediction errors? (Oudeyer et al., 

Schmidhuber) 
 Infants appear to prefer stimuli (and sequences) 

of intermediate complexity in the visual and 
auditory modalities 
(Kidd et al., 2012; 2014) 
 
All these measures can be mathematically 
modelled and compared in computational and 
robotic experiments  
(Oudeyer and Kaplan, 2007) 



(2)!Do!short&term!curiosity&driven!

attentional!mechanisms!have!

consequences!on!!

long!term!organization!of!learning?!



Predictive!brain!framework!

Action!
Sensori!

consequences!

Prediction!

learning!

WORLD 

Predictions 



The!learning!progress!hypothesis!

Action!
Sensori!

consequences!

Prediction!

learning!

Monitoring!of!

learning!progress!/!

info.!gain!

Intrinsic!

reward!

Action!

selection!

Intrinsic rewards for 
learning progress or 
uncertainty reduction 
may be primary rewards. 
 
(Gottlieb et al., 2013; 
Friston, 2012; 
Kidd et al., 2012; 
Oudeyer et al., 2007; 
Schmidhuber, 1991) 
 
Also related to  
Child as a scientists 
hypothesis 
(Shulz, Gopnick, 
Tenenbaum,, …) WORLD 

Predictions 



The+Playground+Experiments+

(Oudeyer!et!al.,!IEEE!Trans.!EC!2007;!Oudeyer!and!Smith,!2016)!



!

Functions:$
$
•  Autonomous!learning!of!novel!affordances!and!

skills,!e.g.!object!manipulation,!before!they!are!

needed!for!external!needs!!

•  Self&organization!of!developmental!trajectories,!

bootstrapping!of!communication!

!!Developmental!and!evolutionary!consequences!

!

Topics in Cognitive Science (2016) 1–11
Copyright © 2016 Cognitive Science Society, Inc. All rights reserved.
ISSN:1756-8757 print / 1756-8765 online
DOI: 10.1111/tops.12196

How Evolution May Work Through Curiosity-Driven
Developmental Process

Pierre-Yves Oudeyer,a Linda B. Smithb

aInria and Ensta ParisTech, France
bDepartment of Psychological and Brain Sciences, Indiana University

Received 13 January 2014; received in revised form 4 February 2015; accepted 6 February 2015

Abstract

Infants’ own activities create and actively select their learning experiences. Here we review
recent models of embodied information seeking and curiosity-driven learning and show that these
mechanisms have deep implications for development and evolution. We discuss how these mecha-
nisms yield self-organized epigenesis with emergent ordered behavioral and cognitive develop-
mental stages. We describe a robotic experiment that explored the hypothesis that progress in
learning, in and for itself, generates intrinsic rewards: The robot learners probabilistically selected
experiences according to their potential for reducing uncertainty. In these experiments, curiosity-
driven learning led the robot learner to successively discover object affordances and vocal interac-
tion with its peers. We explain how a learning curriculum adapted to the current constraints of the
learning system automatically formed, constraining learning and shaping the developmental trajec-
tory. The observed trajectories in the robot experiment share many properties with those in infant
development, including a mixture of regularities and diversities in the developmental patterns.
Finally, we argue that such emergent developmental structures can guide and constrain evolution,
in particular with regard to the origins of language.

Keywords: Development; Evolution; Curiosity; Infant active learning; Robotic modelling; Self-
organization; Motor development; Speech development; Origins of language

1. Introduction

Learning experiences do not passively “happen” to infants. Rather, infants’ own activi-
ties create and select these experiences. Piaget (1952) described a pattern of infant activ-
ity that is highly illustrative of this point. He placed a rattle in a 4-month-old infant’s
hands. As the infant moved the rattle, it would both come into sight and also make a
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Autonomous!acquisition!of!!

skill!repertoires!



Regularities!and!diversity!in!

developmental!trajectories!

(after Waddington’s epigenetic landscape) 

state!
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Curiosity&driven!exploration!of!!

locomotion!

Control Space: 

Task Space:  



Self&organization!of!vocal!development!

•  Collabora/on+with+D.+K.+Oller,+Univ.+Memphis,+US+

(Moulin-Frier, Nguyen and Oudeyer, Frontiers in Cognitive Science, 2013) 

�

�

�

�
DIVA Vocal tract model (Guenther) 

Two-layers active learning: 
1)  Active choice self-exploration vs. Imitation 
2)  If self-exploration: active goal selection 



Emergent!developmental!stages!

(Oller, 2000) 



HFSP:!Neurocuriosity!project!

Jacqueline Gottlieb, 
Cognitive Neuroscience Lab 
NY, US 

Celeste Kidd, 
Dev. Psychology lab 
Univ. Rochester 



(3)!Modeling!closed!loop!social!

interaction!



Example!of!formation!!

of!vocalization!systems!

Models of the formation of speech sound systems 
in populations of individuals 
(de Boer,2001; Oudeyer, 2006;  
Moulin-Frier et al., 2011) 

Metaphor of self-organized termite nest 
Björn Lindblöm, Michael Studdert-Kennedy, 

Peter McNeilage, James Hurford, … 



Basic neural kit for vocal learning and imitation 

Plasticity of maps and their connections 



What!if!babbling!individuals!are!coupled?!

percepts percepts 

Motor 
commands 

Motor 
commands 



Self-organization of combinatorial 
systems, even with linear vocal tract!

The repertoire of vocal gestures is 
shared in a given linguistic community, 
but different in different communities 

Articulatory 
targets 

Non combinatorial system Combinatorial system 

Vocalisations 

(Adapted from Bickford and Tuggy, 2002) 



Predicts the 
most frequent 
vowel systems 

in human 
languages 

(and diversity) 





Making!robotics!modelling!

accessible!to!cognitive!scientists!

•  Open-source 3D printed Poppy robotic platform 
•  Easy to change the morphology  



Programming!accessible!to!

beginners!(even!children!)!

Simulator 

Visual programming in the web browser 



Get!hardware!+!software!!!

+!educational!content!:!

!

www.poppy&project.org!

!

Join!interdisciplinary!

discussions!on!the!forum!

(science,!art,!education)!

(>!1000!members)!

$
forum.poppy&project.org!

!

!
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