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Open-ended and autonomous development



Curiosity-driven autotelic exploration

During exploratory play, 
children invent and pursue 
their own problems/goals

Chu, J., & Schulz, L. E. (2020). Play, curiosity, and cognition. Annual Review of Developmental Psychology, 2.
Oudeyer, P. Y. (2018). Computational theories of curiosity-driven learning. In « The New Science of Curiosity », Nova Science Pub.

• What mechanisms for goal selection?
• What mechanisms for goal generation?
• What long-term consequences on learning and development?



Cognitive sciences
Understand better humans 

using AI models

Many collaborations with 
researchers in 
• AI and machine learning
• Developmental psychology
• Neuroscience
• Educational sciences

Curiosity 
and open-endedness

Flowers AI & CogSci lab
Inria, Univ. Bordeaux

Artificial 
Intelligence: 

autonomous lifelong 
learning

Applications in 
educational technologies, 

cognitive training, 
scientific discovery



Intrinsic motivation, curiosity and active learning

è Intrinsic drive to reduce uncertainty, and to experiencing novelty, surprise,
 cognitive dissonance, challenge, incongruences, …
è Optimal interest = optimal difficulty = neither trivial nor too difficult challenges
Berlyne (1960), White (1960), Kagan (1972), Csikszentmihalyi (1996), (Kidd et al., 2012), 
…

Flow theory
Csikszentmihalyi 
(1996)



(Frontiers in Neuroscience 2007; IEEE TEC 2007; Trends in Cognitive Science, Nov. 2013; Progress in 
Brain Research, 2016;  Frontiers in Neuroscience, 2014; Scientific Reports, 2016; PNAS, 2016; Nature 
Reviews Neuro. 2018; Nature Communications, 2021)

Development of a unified formal and theoretical framework 
in psychology and neuroscience

Since the earliest days of psychology and neuroscience, it 
has been recognized that the stream of evidence imping-
ing on sensory receptors is ambiguous and incomplete, 
and animals must use active inference to make sense of 
the world. In vision, which is a dominant sensory modal-
ity in humans and non-human primates, the brain must 
use a retinal input that is 2D, constantly moving and 
ambiguous to infer the true state of a world that is stable, 
3D and populated by meaningful entities. The relative 
insufficiency of the raw sensory input and the conse-
quent need for active interpretation extend to all sensory 
modalities and all types of decision makers and behav-
ioural situations. The efficiency with which biological 
nervous systems satisfy this goal is arguably a crowning 
achievement of evolution; its magnitude is made fully 
apparent by modern artificial intelligence applications 
such as drones or self-driving cars, in which it remains 
a considerable challenge to interpret rich, naturalistic 
sensory streams.

Among the most striking manifestations of active 
interpretation is the fact that, rather than building com-
plete representations of all the information available to 
them, intelligent beings sparsely sample the rich, incom-
ing sensory streams. Sparse sampling is a necessity for 
any limited-capacity organism that can sense much more 
information than it can fully process. Sampling is rou-
tinely manifested in attention and active-sensing behav-
iours, whereby animals inspect — that is, touch, listen, 
whisk or look at — selected sensory cues. In addition, it 
is expressed in intrinsically motivated behaviours such 

as curiosity that reflect animals’ interest in specific topics 
or questions.

Despite the ubiquity and importance of sampling 
strategies, the organization and neural substrates of 
these  strategies remain oddly unexplored. Studies 
of curiosity are relative newcomers to the neuroscience 
field1,2. Similarly, although attention and active sensing 
have been investigated in voluminous literatures, these 
literatures focus on the ways in which attention and 
active sensing modulate other systems after they are 
deployed, rather than on the mechanisms that direct 
attention and generate sampling policies. Therefore, very 
little is known regarding the motives that drive attention 
and curiosity3. How do animals deem some sources of 
information to be more attention-worthy than others? 
How do they decide which stimuli or questions warrant 
investigation and which ones can be safely ignored?

Here, we review a nascent neuroscientific litera-
ture that examines these questions relying on novel 
active-sampling tasks inspired by earlier studies in 
cognitive psychology and the animal-learning litera-
ture (for examples, see REFS4–6). We take an unusually 
integrative approach and focus on the commonalities 
between attention and curiosity and their relationship 
with decision-making, in particular in the learning and 
exploration–exploitation literature. Although attention  
and curiosity each encompass distinct and heterogeneous  
mechanisms and have been discussed in separate litera-
tures, we propose that an integrative approach is appro-
priate at this stage because it highlights a core question 

Towards a neuroscience of active 
sampling and curiosity
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THIS LOOKS INTERESTING
Understanding active sampling 
and curiosity

Sharp wave–ripples
Role in memory retrieval and 
consolidation 
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The child as an autotelic sense-making organism: 
Exploring to make good predictive models of the world and control it!
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Goal selection: What’s an interesting problem/goal?

Oudeyer, P. Y., & Kaplan, F. (2007). What is intrinsic motivation? A typology of computational approaches. Frontiers in neurorobotics, 1, 6.

(verbal) hypotheses from psychology and/or developmental biology:
• High novelty/high uncertainty? (many)
• Knowledge gap, cognitive dissonance? (Kagan, Festinger, Lowenstein)
• Intermediate novelty, intermediate complexity? (Berlyne, Kidd)
• Intermediate challenge? (White, Csikszentmihalyi)

Technical ideas from cognitive modeling or ML:
• High novelty/high uncertainty? (many)
• Surprise? (Itti and Baldi)
• Free energy? (Friston)
• Different forms of information gain/learning progress, e.g.:

• KL-divergence between prior and posterior probabilistic model
• Predictive information (Martius), predictive information gain (Little & Sommer)
• Compression progress (Schmidhuber)
• Epistemic uncertainty
• Empirical improvement of prediction or control (Oudeyer et al.)



Testing theories by building real world robots



The Learning Progress 
hypothesis

Interestingness of goal
= 

proportional to 
empirical 

absolute learning progress
     (absolute value of derivative)

è Automated Curriculum Learning

(Oudeyer and Kaplan, 2003; 2007 Frontiers in Neuroscience;
Gottlieb et al., 2013 Trends in Cognitive Science; Oudeyer and 
Smith, 2016, Topics in Cognitive Science)
https://www.frontiersin.org/articles/10.3389/neuro.01.1.1.017.2007/full 
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Curiosity-driven autotelic robots

https://www.youtube.com/watch?v=NOLAwD4ZTW0
Forestier, Portelas, Mollard, Oudeyer (2016/2022) Intrinsically Motivated Goal Exploration Processes with Automatic Curriculum Learning, JMLR
https://www.jmlr.org/papers/volume23/21-0808/21-0808.pdf 

mailto:https://www.youtube.com/watch?v=NOLAwD4ZTW0
https://www.jmlr.org/papers/volume23/21-0808/21-0808.pdf


Testing the learning progress hypothesis in 
human experiments

Figure 1: Task behavior. a, Trial structure during free play. The panels show 3 example
free-choice trials consisting of 3 steps each. Each trial begins with a choice of the stimulus
family among the 4 icons on the left (1). This is followed by presentation of a randomly drawn
individual from that family and a prompt to guess which food the individual likes to eat (2).
After making the guess (2), the participant receives immediate feedback (3) and the next trial
begins. For the next trial, the participant can either switch to a new monster family (e.g. trial
t + 1) or repeat the previously sampled activity (e.g. trial t + 2). b, Performance during
the forced-choice familiarization stage. Each box plot shows the %correct (PC) during
the 15 familiarization trials on each activity, across all participants in the IG (blue) and EG
(red) groups. Horizontal bars inside boxes are the median values, while whiskers show extreme
values (1.5⇥ IQR). Diamonds show outliers outside the extreme values.

5

2021

382 adults (Mturk)



50 8-months old infants
• Sequence of (learnable) patterns
• Looking time/engagement correlates 

with LP, not with surprise and 
prediction error

2020

2024 102 4-years old
• Free exploration of tasks
• Exploration decisions depend 

on LP + novelty

40 adults
Engagement and 
flow experience 
correlated with LP

2023



What are the long term consequences of curiosity on 
developmental learning trajectories ?



Curiosity-driven self-organization of vocal development

DIVA Vocal tract model (Guenther et al.)



Mechanisms for open-ended goal generation ?

From robots and sensorimotor exploration…



Language as a creative 
tool to imagine new goals 
and plans

cat + bus
= 

cat-bus !

Creativity = novelty + relevance

Lev Vygotsky



Language as a creative  tool to imagine new goals and plans

Deep sets and 
transformers for 
compositional 
learning and 
generalization

Complex open 
environments with 
social peers

Language as a cognitive tool for creative exploration of abstract goals

Colas, C., Karch, T., Lair et al.. (2020). Language as a Cognitive Tool to Imagine Goals in Curiosity-Driven Exploration. Neurips 2020, https://arxiv.org/abs/2002.09253 

https://arxiv.org/abs/2002.09253


Self-improving autotelic generative models for code

Neurips 2024

Eval correlates with Big Code Bench and Live Code Bench 



From societal to educational challenges

è Design and disseminate methods that educate (using) curiosity and metacognition

🧑🎓How to educate children to build a better world and thrive?



Educational technologies for fostering 
efficient learning and intrinsic motivation

KidLearn project: 
Personalization of teaching sequences 
(curriculum) in Intelligent Tutoring Systems
(Clement et al., Journal of Educational Data Mining, 
2015; 2024)
https://arxiv.org/abs/1310.3174
https://www.theses.fr/2018BORD0373

• Experiments with 
> 1000 children in more than 30 
schools in Aquitaine
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Learning impact
ZPDES and
ZPDES + choice/gamification (ZCO)

Hand designed curriculum
Hand designed + choice/gamification (PCO)

Post-pre
tests

https://arxiv.org/abs/2402.01669 

https://arxiv.org/abs/2402.01669


Motivational impact
EmoScale Motivation Score

*
*

*

*

*

Figure 6. Boxplots presenting the Emotional Scale score on the left and the Motivation score on the right. Students working
with ZCO and PCO show the highest EmoScale scores while students working with ZCO show the highest Motivation score,
followed by PCO ad ZPDES and Predef present the lowest score.

Difference (LSD) and Bonferroni procedure for corrected comparisons.
The main significant effect revealed a difference for the Emotional Scale score between students who have choices

and student without choice (Choice, [F(1,261) = 12.060, p� value = 0.001, h2 = 0.044]). This effect combined with the
examination of marginal means, (Choice: EmoScale mean = 426.05(sd : 183.58), No Choice: EmoScale mean = 338.86(sd :
226.96)) shows that children working with the possibility to choose the object of the exercise feel better than the ones who does
not have the possibility to choose, which suggests they are more satisfied of their leaning experience (visual support on Fig. 6).

Does the possibility to express choice boost motivation ? We also conducted a two-way ANOVA (algo x choice) on the
Motivation score. The algorithm factor includes the two conditions (ZPDES or Predef). And the choice factor includes also two
conditions (with or without choice). The p-value threshold is a = 0.05. Pairwise comparisons are carried out with the Least
Significant Difference (LSD) and Bonferroni procedure for corrected comparisons.

There is no significant effect but we can observe a tendency showing a difference between students who have choices and
student without choice (Choice, [F(1,261) = 3.449, p� value = 0.064, h2 = 0.013]). From this tendency, the examination of
pairwise comparisons reveals a significant difference between ZCO and Predef according to LSD procedure (p�value = 0.034),
but not from Bonferroni procedure (p� value = 0.205). This tendency combined to the examination of margin means (ZCO:
MS mean = 15.353(sd : 0.528), Predef: MS mean = 13.726(sd : 0.553)) seems to support that giving choice allows students
to have a more motivating experience (visual support on Fig. 6).

This fits with the greater positive emotional experience elicited by the choice condition, and more particularly for ZCO
condition.

2.4 Does a positive relation exist between LP-based personalization and subsequent learning performance
and motivation ?

In order to establish a relationship between the learning outcomes and the instructional and motivational of each one of Kidlearn
condition, correlations for each experimental condition (Predefined, PCO, ZPDES, and ZCO) were made between the following
3 measures (table 1) : 1) Learning effectiveness measure (Difference pre-and post-Kidlearn on learning score) ; 2) Learning
progression in Kidlearn (Final activity score defined in section 5.6.3) ; 3) the motivation score.

Importantly, the ZCO condition is the only condition where it is possible to observe positive relations between the actual
instructional effectiveness (i.e., progress post-Kidlearn) and the learning experience with the ITS in terms of both learning
progression and the motivation state (respectively r = .21 and r = .27). Similarly, ZPDES condition induces a positive
relationship between instructional effectiveness and learning progression within the ITS (r = .32). Taken together, these
observed correlations strongly support the link between learning progression enabled by this personalizing algorithm and actual
learning progress.

In contrast, for the PCO condition, no correlation is significant (see table 1). This suggests that there is no link between

7/26

Conclusions: 1) learning-progress based personalization > hand-made curriculum
2) gamification boosts personalized learning; but degrades non-personalized learning



Societal and industrial impact: educational technologies

https://www.adaptivmath.fr/ 

Large scale industrial 
deployment (available to all 
schools in France) 
with major edTech actors 
(evidenceB, Nathan, etc)

Ø Primary, middle, high-school
Ø 30000 exercices
Ø > 100 000 classrooms

All stakeholders involved !

https://www.adaptivmath.fr/


Training curiosity and metacognition by training 
children to ask curious questions

PhD of Rania Abdelghani (collab. Inria 
Flowers/EvidenceB)

55 7–8-years old (Nouvelle Aquitaine)

https://arxiv.org/abs/2204.03546 

https://arxiv.org/abs/2204.03546


26
→ Longer exploration and stronger domain-knowledge 

learning progress
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Two-way ANOVA: F(1,49)=4.31,p=0.004

Some highlight results

● Time spent in exploration was 
correlated to the QA performance 
in the training (ANCOVA: F=4.1, 
p=0.04)

● Learning progress was correlated to 
the QA performance in the 
exploration (ANCOVA: F=3.67, 
p=0.05)

Time spent in exploration 
Pre-post intervention 

learning progress

Experimental: With KG 
propositions
Control: No KG propositions



Training children to appreciate curiosity

Abdelghani, R., Law, E., Desvaux, C., Oudeyer, P. Y., & Sauzéon, H. (2023). Interactive environments for training children’s curiosity through the practice of 
metacognitive skills: a pilot study. In Proceedings of the 22nd Annual ACM Interaction Design and Children Conference

Improvement of 
curiosity 

perception

Improvement of 
divergent question 

asking



Thanks to: 

PhDs/Postdocs/engineers: R. Abdelghani, A. Baranes, T. Carta , C. Colas, C. Desvaux, 
M. Etcheverry, S. Forestier, P. Fournier, L. Gaven, T. Karch, G. Kovac, N. Lair, B. Clément, A. 
Laversanne-Finot, Y. Mollard, A. Péré, J. Perez, R. Portelas, J. Pourcel, G. Pourcel, 
C. Romac, A. Ten, L. Teodorescu, M. Lapeyre, P. Rouanet, J. Grizou, C. Reinke, N. Yax

Senior colleagues: C. Moulin-Frier, H. Sauzéon, D. Roy, O. Sigaud, J. Gottlieb, C. Mazon,
K. Hofmann, P-F. Dominey, E. Nisioti, M. Nguyen, F. Kaplan, M. Lopes, S. Lamprier, O. Ly, 
L. Smith

Funding/Sponsors:


