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Curiosity-driven learning:
Al, cognitive sciences and education

y 4
Pierre-Yves OQudeyer Collaborations:

: informatics g mathematics
Flowers Al & CogSci Lab

U ﬂlversrté Inria, Univ. Bordeaux
*BORDEAUX http://www.pyoudever.com
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Open-ended and autonomous development
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DEVELOPMENT |[skills begin 3 months 6 months 9 months 1 year 2 years 3 years S years
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"2’ @ ‘
Sitting \< - e\ /3%
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Curiosity-driven gutotelic exploration

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

 What mechanisms for goal selection?

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

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.



Many collaborations with
researchers in
* Al and machine learning

Cognitive sciences * Developmental psychology
Understand better humans * Neuroscience
using Al models * Educational sciences

Curiosity
and open-endedness

Artificial Applications in
Intelligence: educational technologies,
autonomous lifelong cognitive training,
learning scientific discovery

Flowers Al & CogSci lab

m Inria, Univ. Bordeaux

LARGE LANGUAGE MODEL




Intrinsic motivation, curiosity and active learning

high

Flow theory
g Csikszentmihalyi
& (1996)
e
O]

skills

=>» 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),



namure
REVIEWS

eeeeeeeeeeeeeeeeeeeeeeee
www.nature.com/reviews

L. Smith

(Indiana Univ.)
V|

NEUROSCIENCE

C. Kidd
(Berkeley)

J.Gottlieb
(Columbia, NY)

=

Towards a neuroscience of active
sampling and curiosity

THIS LOOKS INTERESTING

Understanding active sampling

Sharp wave-ripples
Role in memory retrieval and

Jacqueline Gottlieb'23* and Pierre-Yves Oudeyer®®

consolidation

and curiosity

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

(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)



The child as an autotelic sense-making organism:

Exploring to make good predictive models of the world and control it!

>

Measure of fMetacognitive model

interestingness < (model of

S 1 novelty/uncertainty/impro
(intrinsic rewar )/ L vement of M)
Vi /Y
. : t Prediction or
Xperimen quel goal achievement
Selection (e.g. learning M ITOTS
imagine goal)

Prediction
experiments achievement

experiments

\ 5 P Sensori
{ Experiment } e . N results

mmmmmmmmmmmmm



Goal selection: What's an interesting problem/goal?

(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
e Predictive information (Martius), predictive information gain (Little & Sommer)
* Compression progress (Schmidhuber)
* Epistemic uncertainty
* Empirical improvement of prediction or control (Qudeyer et al.)

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



Testing theories by building real world robots

Distractor

Ergo:
/ Robotic toy

! Left
RSPYOy stick

Joystick
controlling Ergo

Sounds -'""'\\ Lights Ball

Journal of Machine Learning Research 23 (2022) 1-41 Submitted 7/21; Revised 3/22; Published 4/22

Intrinsically Motivated Goal Exploration Processes with
Automatic Curriculum Learning

Sébastien Forestier SEBQFOREST.BIO
Inria Bordeaux Sud-Ouest
200 avenue de la Vieille Tour, 33405 Talence, France

Rémy Portelas REMY.PORTELAS@INRIA.FR
Inria Bordeaux Sud-Ouest
200 avenue de la Vieille Tour, 33405 Talence, France

Yoan Mollard YOAN.MOLLARD@INRIA.FR
Inria Bordeauz Sud-Ouest
200 avenue de la Vieille Tour, 33405 Talence, France

Pierre-Yves Oudeyer PIERRE-YVES.OUDEYER@INRIA.FR
Inria Bordeaux Sud-Ouest
200 avenue de la Vieille Tour, 33405 Talence, France



Evolution of empirical errors in in 4 activities/goal types

The Learning Progress e T == T T T -
hypothesis S,
\ 2
Interestingness of goal '3\
B \
proportional to "
empirical L e T =
absolute learning progress e
(absolute value of derivative) A % of time exploring each activity/goal type
proportional to abs(learning progress)
2> Automated Curriculum Learning ]
s EEm W 2
/ ~
(Oudeyer and Kaplan, 2003; 2007 Frontiers in Neuroscience; .
Gottlieb et al., 2013 Trends in Cognitive Science; Oudeyer and * \
Smith, 2016, Topics in Cognitive Science) / * N\
https://www.frontiersin.org/articles/10.3389/neuro0.01.1.1.017.2007/full /' IS
I ~ . -
L 3 1 4 - T
ST S~



https://www.frontiersin.org/articles/10.3389/neuro.01.1.1.017.2007/full

Curiosity-driven autotelic robots

Forestier, Portelas, Mollard, Oudeyer (2016/2022) Intrinsically Motivated Goal Exploration Processes with Automatic Curriculum Learning, JMLR
21-0808/21-0808.pdf https://www.youtube.com/watch?v=NOLAwWD4ZTWO



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
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Humans monitor learning progress in

curiosity-driven exploration

Alexandr Ten

™ Pramod Kaushik!, Pierre-Yves Oudeyer' & Jacqueline Gottlieb® 2

382 adults (Mturk)

Utility functions:

Uit = wpc X PCit +wrp X LP;;

vl \

Percent correct Learning progress
(mean errors) (error derivative)

(2.1)

Softmax decision model (bandit):
eUi’t’/T

p¢(choice;) = 5 ST
Vkek €

Model

Model fits:
-== Random model i
LP ——e—
i
1
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i
PC 1 ]
i
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= 50 8-months old infants
SCIENCE ADVANCES | RESEARCH ARTICLE 2020 751)“ \TJ .
| B - * Sequence of (learnable) patterns
DEVELOPMENTAL NEUROSCIENCE \ A&\ . .
. . . o . T * Looking time/engagement correlates
Infants tailor their attention to maximize learning oo | L_Z— A - _ , ,
F. Poli'#, G. Serino™?, R. B. Mars'3, S. Hunnius' \|5| ﬁ/ Wlth LP’ not Wlth Surprlse and
el ) W ‘ rediction error
122??5
\
iq -
EMPIRICAL ARTICLE ) ()D/ A_'A 102 4—years old
- o * Free exploration of tasks
Exploration in 4-year-old children is guided by learning progress ox *  Exploration decisions depend
and novelty ! )
SNE T on LP + novelty
Francesco Poli*?>® | Marlene Meyer' | Rogier B. Mars"*© | Sabine Hunnius'

Cognition

Volume 236, July 2023, 105418 2 O 2 3

40 adults
Engagement and
flow experience
correlated with LP

Learning progress mediates the link
between cognitive effort and task
engagement

Ceyda Sayali @ & &, Emma Heling ° ¢, Roshan Cools ® ©




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



Curiosity-driven self-organization of vocal development

Speech signal Source o
H - N No Phonation
transformation [ Unarticulated «10° Progress per Sategy
F1 F2 —— | “ ||| [ Articulated 16 " T T — :
s " rogress for self-exploration
r 100 Progress for emulation
§ 2 -: "\' ‘
=, Y 80 :
Ex .
. o5 g 75 = 60
Frequency (kHz) %
40
= Air fl f 00 0.5 1 15 2 25 ° 0 Number of motor model updat o o
IF TIOW Trom . L . lumber of sensorimotor model updates
Vgcal _f°|d | # vocalisations x 10°
vibration ungs
0-3 mo: 3-7mo: 7-10 mo: 10 mo: 12 mo:
DIVA Vocal tract model (G uenther et a | ) squeals, growls, quasi-vowels language-independent  influence by first words
yeals ... proto-syllables ambient language
Approximate age
(Oller, 2000)
frontlers in ORIGINAL RESEARCH ARTICLE
PSYCHOLOGY doi 103559 poys 207501006

Self-organization of early vocal development in infants and
machines: the role of intrinsic motivation

Clément Moulin-Frier*, Sao M. Nguyen and Pierre-Yves Oudeyer

Flowers Team, Institut National de Recherche en Informatique et en Automatique / ENSTA-Paristech, Bordeaux, France



Mechanisms for open-ended goal generation ?

From robots and sensorimotor exploration...



nature machine intelligence

I_a n g u a g e a S a C re a t i Ve Explore content v  About the journal v Publish with us v Subscribe
° . nature > nature machine intelligence > perspectives > article
tool to imagine new goals o
Perspective \ Published: 20 December 2022
Language and culture internalization for human-like
and plans autotelicAl

Cédric Colas ™, Tristan Karch, Clément Moulin-Frier & Pierre-Yves Oudeyer

Creativity = novelty + relevance

cat + bus

cat-bus !

Lev Vygotsky



Language as a creative tool to imagine new goals and plans

Language as a cognitive tool for creative exploration of abstract goals

G h 4

\ body {

ﬂ
& =s:...=.. et
p

"Grasp red tree"

—+— (X;, 8)
% "Grasp red algae" "Grow red tree" ; e g) :
+ 9 E (x; 8)
‘ "Grow blue algae"
Social part oO H y
Complex open °C‘:} SR | | Deep sets and
environments with p transformers for
social peers Agent ‘ compositional
. J L 4 learning and
1. Guided exploration with a 2. Creative autonomous generahzatlon
social partner: exploration:
Learning the meaning of sentences Imagining new goals by
through interaction with a social peer composing known sentences

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
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Self-improving autotelic generative models for code

sample target
cell[1,2]

&

.

Generator prompt

Your role is to create a new
puzzle with skills [1, 2] and
difficulty 90 to 100.

Here are some examples:

difficulty: 25
def f(x):

return len(x) == 2
def g():
return [1, 2]

puzzle archive

add new puzzle
according to skill
combination [1, 18]

g

difficulty: 31.2

def f(i, s="cat”, t=’a’):
return s[i] == t

def g(s="cat”, t="a’):
s.index(t)

®

skill labels

18: Array indexing
1: Mathematical oprations

Puzzle
generator

(LLMm)

Solver prompt

Your role is to generate solu-
tions to the following puzzle:

def f(i, s=["cat”, "ca”]):

return len(s[il) == 2)

f v

def g(s=["cat”,
return [len(e) for e

"ca”]):

in s].index(2)

puzzle

def g(s=["cat”, "ca”]):
return len(s)

X

difficulty = 33.3

def g(s=["cat”, "ca”]):
return s.index(”ca”

Labeler prompt

© /

Your role is to tell me which
skills are required in solv-
ing:

(50 solutions total)

def f(i, s=["cat”, "ca”]):
return len(s[il) == 2)

def g(s=["cat”, "ca”]):
return s.index(”ca”)

puzzle, solution pair

Generating a Diversity of Challenging Programming
Puzzles with Autotelic Generative Models

Julien Pourcel,

Inria

Cédric Colas
MIT, Inria

Pierre-Yves Oudeyer

Inria

Gaia Molinaro

University of California, Berkeley

Laetitia Teodorescu

Inria

Neurips 2024

Eval correlates with Big Code Bench and Live Code Bench
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From societal to educational challenges

Where are the World*
Ongoing Conflicts?

Conflcts are categorized according 1o the defiitions
aidot

OECD average trends in mathematics, reading and science
In 23 OECD countries up to 2022

520

mmmmmmmmmmmmmmmmmmmmmm
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EHOW to educate children to build a better world and thrive?

=>» Design and disseminate methods that educate (using) curiosity and metacognition



Educational technologies for fostering
efficient learning and intrinsic motivation

. PhD
W e L Benjamin Clement

Experiments with
> 1000 children in more than 30
schools in Aquitaine

/A  ——aA A -~

Activité non explorée @ @ @ @ @ @ m @ @ @
Activité active @ @ @ @ @
Personalization of teaching sequences A°“V“é“é::”ée @ @ @ @ @
(curriculum) in Intelligent Tutoring Systems i) o i) o) (o)
(Clement et al., Journal of Educational Data Mining,

2015; 2024)

https://arxiv.org/abs/1310.3174

https://www.theses.fr/2018BORD0373

KidLearn project:

0606
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Benjamin Clément!3*, Héléne Sauzéon'>+, Didier Roy’, and Pierre-Yves Oudeyer!+> . - ' o
UInria, FLOWERS team, Talence, 33405, France L =
2Université de Bordeaux, BPH lab, Bordeaux, 33076, France
3EvidenceB, Paris, 75018, France . -10 ®
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*these authors equally supervised this work


https://arxiv.org/abs/2402.01669

Motivational impact

EmoScale Motivation Score
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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.
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

Adaptiv’
Langue

MIA
Seconde

Large scale industrial
deployment (available to all
schools in France)

with major edTech actors
(evidenceB, Nathan, etc)

00
® inside

» Primary, middle, high-school
» 30000 exercices
» > 100 000 classrooms
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All stakeholders involved !


https://www.adaptivmath.fr/

Training curiosity and metacognition by training
children to ask curious questions

g g
’ .

Curiosity modelling

External stimuli

Stimulating
curiosity l

Awareness of a
missing information

Do you know what
is the largest

constellation? “ o
Eliciting ‘ 4|@| o \ )
curiosity : —
e 4
How confident
are you about ‘ + + +
your answer ?, K/ 00o@0O0
Yl

Opportunities to
report uncertainty

Here's a text about
constellations.
Can you think of a curious
question about it ?

are there in the
Big Dipper ?

N O
o °
(=) OO -
e -
I'm curious,
what are stars
. composed
I can help you explore \ J O e
more interesting resources = £
if you can guide me with
the right curious questions.
k E of t So | would like
T to see the video
ed autc v about stars.
F atio
OV 8-
(&) (&
= °o f

....................................................

)
\
The Big Dipper
O

How many stars

Figure 1: Illustration of the study’s general idea and the platform’s main

features

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

55 7-8-years old (Nouvelle Aquitaine)

EvidenceB

® inside
International Journal of Human-Computer g
Studies

Volume 167, November 2022, 102887

Conversational agents for fostering
curiosity-driven learning in children

Rania Abdelghani ? ® L =, Pierre-Yves Oudeyer ?, Edith Law €,
Catherine de Vulpilliéres °, Héléne Sauzéon 2

https://arxiv.org/abs/2204.03546
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Some highlight results

Time spent in exploration

Time spent in exploration (s)

2000

1500

1000

500

Pre-post intervention
learning progress

A

Quiz score (max

Control Experimental

Condition

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

ns
| — |

ns
| — |

Time
E nitial
[ Final

— Longer exploration and stronger domain-knowledge

Control Experimental

Condition

Experimental: With KG
propositions
Control: No KG propositions

learning progress

° 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)

26



Training children to appreciate curiosity

Improvement of
Improvement of

divergent question

curiosity i
HH : asKing
[ Metacognitive workshop ] oerception
Declarative training Procedural training
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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
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