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 Behavioural and Cognitive 
Development in Human Infants 

• How do developmental structures form?  
• How do developmental structures impact the acquisition of novel skills? 
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Developmental robotics? 



Families of 
developmental 

« forces » 

Intrinsic motivation, active learning  
• Autonomous collection of data 

• Efficient learning 

• Self-organization of developmental trajectories 

 

Cognitive abstractions:  
• Perceptual categories grounded in action 

• Active goal babbling, macro-actions, macro-states 

• Efficient learning in high-dimensions 

 

Social learning, imitation 
• Imitation of trajectories and goals 

• Learning combinatorial motor primitives 

• Optimal teaching 

 

Body morphology and growth : 

• Morphology 

• Synergies  

• Self-organization of movement structures 

• Adaptive maturation driven by intrinsic motivation 

• Self-organization of maturational schedule 
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Relation (context, actions <-> effect) 
and their sequencing/composition 

Development of sensorimotor skills 

High-dimensions 
Non-linear, redundant 
Limited time resources 

• Forward models: Regression algorithms 

• Inverse models: (Stochastic) Optimization algorithms 

• Sequencing/composition: RL and structure discovery alg. 

How to achieve 
autonomous learning? 



Intrinsic motivation, curiosity and 
active learning 

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) Csikszentmihalyi (1996) 
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Trends in Cognitive Science,  

Nov. 2013 



Active learning, intrinsic motivation 

predict : (S(t),pq )®S(t +D)

e(S(t),pq ) = S(t +D)- S(t +D)

R(S(t),pq ) = -
de

dt
in the vicinity of (S(t),pq )

Non-stationary function, difficult to model 

 

Algorithms for empirical evaluation of de/dt with 

statistical regression 

 

  IAC (2004, 2007), R-IAC (2009), SAGG-RIAC (2010)  

McSAGG-RIAC (2011), SGIM (2011), Smoothed 

Beta distribution (2011), SGIM-ACTS (2012) 

(SVR,GPR,NN,...)

Intrinsic Motivation 
Berlyne (1960), Csikszentmihalyi (1996) 
Dayan and Belleine (2002) 

simple 

complex 

complex (S(t),pq )

(Schmidhuber, 1991) 

(Barto, Singh and Chentanez, 2004) 

(Oudeyer, Kaplan, Hafner, 2007) 

(Baldassarre, 2011) 

… 
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Architecture IAC (2007, 2009, 2013) 



The Playground Experiments 

(Oudeyer et al., IEEE Trans. EC 2007; Connection Science 2006) 
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Effect 

Redundancy of 

sensorimotor 

spaces 

Curiosity-driven active Goal Babbling 
(Oudeyer and Kaplan, 2007; Baranes and Oudeyer, 2009, 2010, 2013;  

see also Rolf and Steil, 2009, 2010, 2013) 



 

 

 

Active learning of omnidirectional locomotion 

 Performance higher than more classical active learning algorithms in real sensorimotor 
spaces (non-stationary, non homogeneous)  
(Baranes and Oudeyer, IEEE TAMD 2009; Robotics and Autonomous Systems; 2013) 

-1;1[ ]
24

-1;1[ ]
3

Curiosity-driven goal babbling 

Control Space: Task Space:  



Curiosity-driven learning of  
visual affordances 

(Nguyen et al.; ICDL-Epirob 2013; Ivaldi et al., IEEE TAMD 2013) 

• Learning to 
recognize objects 
based on 
perceptuo-motor 
affordances 
 

• Collaboration 
with Univ. Paris 
VI 
 

• Icub awarded 
through Robocub 
Open Call 
 

• ANR MACSi 



Predictions and experiments about 
monkey/human spontaneous exploration 

Neuroscience of visual attention and 
exploration in monkeys 

• Collaboration with J. Gottlieb, Univ. Columbia, US 
• Since jan 2013: Associated Team Inria-Columbia Neurocuriosity 

Structure of intrinsically motivated 

exploration of multiple sensorimotor 
« games » in humans 

(Gottlieb, Oudeyer et al. (in press)  

« Information seeking, curiosity and attention: 

computational and neural mechanisms »  

Trends in Cognitive Science) 



Social learning, imitation 



Hierarchical curiosity-driven learning 

(Nguyen and Oudeyer, Palad. Behav. Rob., 2013; Autonomous Rob. 2013) 



Learning to use a fishing rod 
(essential tool, isnt’it ?) 

(Nguyen, Oudeyer, Fudal, Béchu, 2010-13) 



The role of body morphology 



Morphology and self-organization of 
biped locomotion 

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



Morphological computation 

(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 





Désimbriquer  
corps, cerveau et environnement 

Développement 

Le corps peut 

il devenir une 

variable 

expérimentale 

? 



Plateformes « off-the-shelf » 

Robots industriels souples 

 
• Dangereux 

• Non-reconfigurables 

• Fixe au labo 

• Difficile à réparer soi-même 

• Cher 

 

 

Robots 

industriels 

• Dangereux 

• Rigide 

• Non-reconfigurable 

• Fixe au labo 

• Cher 

• Difficile à réparer soi-même 

Robots low-cost  

off-the-shelf 

• Peu précis 

• Capacités motrices réduites 

• Rigide 

• Difficile à réparer soi-même 



3D printing 



 Poppy :  robot humanoide DIY open-source 







Feets 



Coupe du monde 





www.poppy-project.org 
 

Open-source 
hardware and 

software 
 

For academics 
and geeks 

 
Twitter: 

@poppy_project 

 



Poppy assembly 




