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31.1 Curiosity-Driven Exploration
and Learning in Child Development

The timing and ordering of learning experience
play a critical role in developmental processes.
To make sense and learn skills out of the initial
“buzzy blooming confusion,” multiple mech-
anisms interact to canalize the infant through
such ordered and progressively more complex
learning experiences, harnessing the complex-
ity of the world.

Which activities can be practiced, and what
can be learned at a given point in develop-
ment, is constrained both by the learning
opportunities provided by the physical and
social environment (caretakers in particular)
and by current physical and cognitive abilities.
For example, early in life infants cannot loco-
mote due to both insufficient muscular power
and lack of adequate sensorimotor coordin-
ation. At this stage, they can only observe or
physically interact with objects and events in
the environment which their parents set for
them. Such constrained experience has been
hypothesized to
species-typical development (Gottlieb, 1991).
West and King (1987) proposed the idea of
“ontogenetic niches” to capture the fact that
developing organisms face an ordered series of
environments that may be exploited by evolu-
tionary processes to ensure adaptive outcomes.

constrain and canalize

Large parts of this chapter are adapted from Oudeyer
and Smith (2016) and Oudeyer et al. (2016), with
permission.

In addition, learning experiences do not pas-
sively “happen” to infants. Rather, they play
an active role in creating and selecting these
experiences. In particular, infants spontan-
eously explore their body and how it can
interact with the environment, physically
experimenting with the effects of their arm or
vocal tract movements, or the effects of touch-
ing, mouthing, grasping, or throwing all kinds
of objects, often for the intrinsic pleasure of
practicing these activities, without a separate
distal goal. Such spontaneous exploration,
often called “play” or “curiosity” in colloquial
terms, is not random but rather organized, and
partly results from brain mechanisms of
intrinsic motivation (Gottlieb et al., 2013;
Lowenstein, 1994) selecting
activities which are “interesting.”
intrinsically motivated
exploration and learning and the notion of
“interestingness” have long remained studied
at an intuitive level in psychology, where con-
cepts like cognitive dissonance (Kagan, 1972),
optimal incongruity (Hunt, 1965), intermedi-
ate novelty (Berlyne, 1960), or optimal
challenge (Csikszenthmihalyi, 1991) were dis-

sensorimotor

Mechanisms of

cussed. Furthermore, the relation between
intrinsic motivation on one hand, and learning
and development on the other hand has been
little considered until recently. Yet, important
advances and novel theoretical approaches
have been achieved in the last decade, with a
whole series of operational models in develop-
mental robotics (Baldassarre & Mirolli, 2013;
Oudeyer & Smith, 2016; Oudeyer et al., 2007;
Twomey & Westermann, 2018), arguments
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and models of the evolutionary origins of
intrinsic motivation systems (Barto, 2013;
Singh et al., 2010), and recent findings in
neuroscience linking intrinsic motivation with
attention (Gottlieb & Oudeyer, 2018), as well
as new formal models of infant visual attention
(Kidd et al., 2012).

A key idea in these recent approaches is that
learning progress in and for itself can generate
intrinsic rewards driving such spontaneous
exploration, leading learners to avoid learning
situations that are either too easy or too diffi-
cult at a given point of their development.
Learning progress to the
improvement of its predictions or control over
an activity they practice (Kaplan & Oudeyer,
2007a, 2007b), which can also be described as
reduction of uncertainty (Friston et al., 2012).
Such intrinsically motivating activities have
been called “progress niches” (Oudeyer et al.,
2007). Thus, learning progress is not simply a
consequence of intrinsically motivated explor-
ation, but a primary driver (and accordingly,
intrinsic rewards for learning progress/uncer-
tainty reduction may be primary rewards).
From a machine learning perspective, such a
mechanism of information seeking is called
“active learning,” where the learner probabil-
istically selects experiments according to their
potential for reducing uncertainty.

These advances lead to a definition of curi-
osity as an epistemic motivational mechanism,
which pushes an organism to explore activities
for the primary sake of gaining information (as
opposed to searching for information in ser-
vice of achieving an external goal, like finding
food or shelter). Such a motivational mechan-
ism of curiosity will often be only one of sev-
eral motivational mechanisms operating in
any living being, and, at any given time, curi-
osity may interact, complement, or conflict
with other motivations. From a machine learn-
ing perspective, mechanisms of information
seeking are called active learning, where the
learner probabilistically selects experiences

refers infant’s

according to their potential for reducing uncer-
tainty (Cohn et al., 1996). They have been used
either as an “exploration bonus” mechanism in
service of efficient maximization of a task-
specific reward, or as primary rewards driving
models of curiosity-driven learning (Gottlieb
et al., 2013).

As such, active self-exploration bi-direction-
ally interacts with learning, strongly influen-
cing what skills the infant will practice and
eventually acquire, and it is bound to have a
significant impact on the ordering and organ-
ization of development. In fact, through the
analysis of robotic experiments in Section
31.3, we argue that such mechanism can be
an essential force in the self-organization of
developmental structures, and be a pillar of a
principled dynamic systems approach to devel-
opmental change. Indeed, as we will show,
active search for learning progress automatic-
ally leads a system to first explore simple activ-
ities, and progressively shift to more complex
learning experiences, effectively self-generating
a learning curriculum adapted to the current
constraints, and at the same time itself con-
straining learning.

The key theoretical idea instantiated in these
robotic models is epigenesis (see Chapter 2), in
the sense proposed by Gottlieb (1991).
Developmental structures in these models are
neither learned from “tabula rasa” nor a pre-
determined result of an innate “program”: they
self-organize out of the dynamic interaction
between constrained cognitive mechanisms
(including curiosity, learning, and abstraction),
the morphological properties of the body, and
the physical and social environment that itself is
constrained and ordered by the developmental
level of the organism (Oudeyer, 2011; Thelen &
Smith, 1996). This self-organization includes
the dynamic and automatic formation of
behavioral and cognitive stages of progressively
increasing complexity, sharing many properties
with infant development (Piaget, 1952; Houdé¢,
2015, for a more recent review).
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(a) bended thighs

(b) straight thighs

Figure 31.1 Open-source baby robots. Robots can help us model and study the complex interaction
between the brain, the body, and the environment during cognitive development. Here we see two open-

source robotic platforms used in laboratories. Being open-source allows open science through revealing

all details in the experiments as well as replicability. Based on 3D printing, the Poppy platform allows
fast and efficient exploration of various body morphologies (Lapeyre et al., 2014), such as leg shape
(see alternatives on the right (a) and (b)), and how this can affect development of skills. Left: ICub;
www.icub.org, right: Poppy www.poppy-project.org.!

A black-and-white version of this figure will appear in some formats. For the color version, please refer to the

plate section.

This complex dynamical systems perspec-
tive on child development has fueled the use
of computational and robotic modeling tools
in the field of developmental robotics to
design formal mechanistic theories of cogni-
tive development, as well as enable scientists
to sharpen their intuitions of these processes
and propose new hypotheses (Cangelosi &
Schlesinger, 2015, see Figure 31.1). Models
of curiosity-driven learning discussed in
this category have been designed from this
perspective.

31.2 Models of Curiosity-Driven
Learning

Diverse theoretical approaches to intrinsic
motivation and to the properties that shall

! Both websites last accessed August 23, 2021.

make certain activities intrinsically interesting/
motivating have been proposed and
published by diverse research communities
within psychology (e.g., Csikszentmihalyi,
1991; Festinger, 1957; Harlow, 1950; Hull,
1943; Hunt, 1965; Kagan, 1972; Lowenstein,
1994; Montgomery, 1954; Ryan & Deci,
2000; White, 1959) and neuroscience (see
Gottlieb & Oudeyer, 2018 for a review), in
such a way that still today there is no con-
sensus among these communities on a unified
or integrated view of intrinsic motivation
and curiosity. Yet, a convincing integrated
view was actually proposed in the 1960s by
Daniel Berlyne (Berlyne, 1965), and has been
used as a fruitful theoretical reference for
developing formal mathematical models of
curiosity. The central concept of this inte-
grated approach to intrinsic motivation is
that of “collative variables,” as explained in
the following quotations:
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The probability and direction of specific
exploratory responses can apparently be
influenced by many properties of external
stimulation, as well as by many intraorganism
variables. They can, no doubt, be influenced by
stimulus intensity, color, pitch, and association
with biological gratification and punishment, . ..
[but] the paramount determinants of specific
exploration are, however, a group of stimulus
properties to which we commonly refer by such
words as “novelty,” “change,” “surprisingness,”
“incongruity,” “complexity,” “ambiguity,” and
“indistinctiveness.” (Berlyne, 1965, p. 245)

9 <

More precisely, Berlyne developed the
notion that the most rewarding situations were
those with an intermediate level of novelty,
between already familiar and completely new
situations (Berlyne, 1960). This perspective
was echoed by Csikszentmihalyi’s flow theory
arguing that interesting situations were those
of optimal challenge, recently echoed by Kidd
et al. (2012), who showed an experiment where
infants preferred stimuli of intermediate
complexity.

31.2.1 The Learning Progress Hypothesis

Berlyne’s concept of intermediate novelty, as
well as the related concept of intermediate
challenge of Csikszentmihalyi, have the advan-
tage of allowing intuitive explanations of
many behavioral manifestations of curiosity
and intrinsic motivation. However, recent
developments in theory of curiosity, and in
particular its computational theory, have ques-
tioned its applicability as an operant concept
capable of generating an actual mechanism for
curiosity. A first reason is that the concept of
“intermediate” appears difficult to define pre-
cisely, as it implies the use of a relatively arbi-
trary frame of reference to assess levels of
novelty/complexity. A second reason is that
while novelty or complexity in themselves
may be the basis of useful exploration

heuristics for organisms in some particular
contexts, there is in general no guarantee that
observing a novel of complex stimulus (be it of
intermediate level) provides information that
can improve the organism’s prediction and
control in the world. Indeed, as computational
theory of learning and exploration has shown,
our environment is full of novel and complex
stimuli of all levels, and among them only a
few may be associated with actual useful and
learnable patterns. As curiosity-driven spon-
taneous exploration may have evolved as a
means to acquire information and skills in
rapidly changing environments (Barto, 2013),
it appears that heuristics based on maximizing
novelty and complexity are suboptimal
(Oudeyer et al., 2007; Schmidhuber, 1991).

For these reasons, computational learning
theory has explored an alternative mechanism,
in which learning progress generates itself
intrinsic reward (Oudeyer et al., 2007,
Schmidhuber, 1991), and it was hypothesized
that this mechanism could be at play in
humans and animals (Kaplan & Oudeyer,
2007a; Oudeyer & Smith, 2016). This hypoth-
esis proposes that the brain, seen as a predictive
machine constantly trying to anticipate what
will happen next, is intrinsically motivated by
exploring activities in which predictions are
improving (i.e., where uncertainty is decreas-
ing, and learning is actually happening). This
means that what is of interest is neither activ-
ities which are too easy or too difficult to pre-
dict (i.e., where uncertainty is low or where
uncertainty is high but not reducible), but
activities just beyond the current predictive
capacities. So, for example, an infant will be
more interested in exploring how its arm motor
commands can allow it to predict the move-
ment of its hand in its visual field (initially
difficult but learnable) rather than predicting
the movement of walls (too easy) or the color
of the next car passing through the window
(always novel, but not learnable).
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As shown by computational studies, this
leads in practice systems to the exploration of
activities and stimuli of apparently “intermedi-
ate complexity.” However, this notion of inter-
mediate level is not directly represented in the
mechanism: rather, it is a side-effect of
selecting actions and stimuli that maximize
the derivative in prediction.
Furthermore, this concept allows us to bridge
several hypotheses related to curiosity and
intrinsic motivation, but remains conceptually
separated so far.

First, within the learning progress hypoth-
esis, the central concept of prediction errors
(and the associated measure of improvement)
applies to multiple kinds of predictions. It
applies to predicting the properties of external
perceptual stimuli (and thus relates to the
notion of perceptual curiosity, Berlyne, 1960),
as well as the conceptual relations among sym-
bolic items of knowledge (and this relates to
the notion of epistemic curiosity, and to the
subjective notion of information gap proposed
by Lowenstein, 1994). Here the maximization
of learning progress leads to behaviors that
were previously understood through Berlyne’s
concept of intermediate novelty/complexity. It
also applies to predicting the consequences of

of errors

one’s own actions in particular activities, or to
predicting how well one’s current skills are
capable to solve a given goal/problem: here
the maximization of learning progress, meas-
uring a form of progress in competences
related to an activity or a goal, allows to
reframe Csikszentmihalyi’s concept of inter-
mediate challenge in the flow theory as well
as related theories of intrinsic motivation
based on self-measures of competences
(Csikszentmihalyi, 1991; White, 1959).
Second, the learning progress hypothesis
allows us to create a new causal link between
memory retention and curiosity. As argued,
experimental work showed that state curiosity
could facilitate memory retention (Kang et al.,

2009; Stahl & Feigenson, 2015). These results
showed that curiosity and prediction errors
had an influence on learning, but curiosity
and learning were considered as two separate
mechanisms (and indeed, seeing curiosity as
search for pure novelty makes it separate from
actual learning mechanisms). Furthermore,
the experimental protocols were such that nov-
elty/surprise was always imposed by experi-
menters, with little possibility for subjects to
actively seek and explore their environment
(and thus limiting the possibility to study the
processes by which organisms would encoun-
ter such novelty/complexity in a more eco-
logical situation).

The learning progress hypothesis provides a
strong complement to this view: it proposes
that experiencing learning in a given activity
(rather than just intermediate novelty) triggers
an intrinsic reward, and thus that learning in
itself causally participates to establish state
curiosity. Thus, this hypothesis argues that
there is a closed self-reinforcing feedback loop
between learning and curiosity-driven intrinsic
motivation. Here the learner becomes
fundamentally active, searching for niches of
learning progress, in which in turn memory
retention is facilitated. In Section 31.3, we
will outline computational experiments that
have shown that such an active learning mech-
anisms can self-organize a progression in
learning, with automatically generated devel-
opmental phases that have strong similarities
with infant developmental trajectories.

31.3 The Playground Experiment:

A Developmental Robotics Model
of Curiosity-Driven Self-organization
of Developmental Trajectories

In this section, we describe a series of robot
experiments that illustrate how mechanisms
of curiosity-driven exploration, dynamically
interacting with learning, physical, and social
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constraints, can self-organize developmental
trajectories and in particular lead a learner to
discover successively object affordances and
vocal interaction with its peers.

In these Playground Experiments, a quadru-
ped “learning” robot is placed on an infant
play mat with a set of nearby objects and is
joined by an “adult” robot peer, see
Figure 31.2(a) (Kaplan & Oudeyer, 2007b;
Oudeyer & Kaplan, 2006; Oudeyer et al.,
2007). On the mat and near the learning robot
are objects for discovery: an elephant (which
can be bitten or “grasped” by the mouth), and

a hanging toy (which can be “bashed” or
pushed with the leg). The adult robot peer is
preprogramed to imitate the sound made by
the learning robot when the learning robot
looks to the adult while vocalizing at the
same time.

The learning robot is equipped with a reper-
toire of motor primitives parameterized by
several continuous numbers that control
movements of its legs, head, and a simulated
vocal tract. Each motor primitive is a dynam-
ical system controlling various forms of
actions: (a) turning the head in various

C

Errors in prediction in 4 activities

e WY . T

Prediction
of next

Perception of
state at t+1

% of time spent in each activity based on the time
principle of maximizing learning progress

state
_t,

Prediction error

Figure 31.2 The playground experiment (Oudeyer & Kaplan, 2006; Oudeyer et al., 2007). (a) The
learning context; (b) The computational architecture for curiosity-driven exploration in which the robot
learner probabilistically selects experiences according to their potential for reducing uncertainty, that is,

for learning progress; (c) Illustration of a self-organized developmental sequence where the robot
automatically identifies, categorizes, and shifts from simple to more complex learning experiences.
Figure adapted with permission from Gottlieb et al. (2013)

A black-and-white version of this figure will appear in some formats. For the color version, please refer to the

plate section.
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directions, (b) opening and closing the mouth
while crouching with various strengths and
timing, (c) rocking the leg with various angles
and speed, and (d) vocalizing with various
pitches and lengths. These primitives can be
combined to form a large continuous space of
possible actions. Similarly, several kinds of
sensory primitives allow the robot to detect
visual movement, salient visual properties,
proprioceptive touch in the mouth, and pitch
and length of perceived sounds. For the robot,
these motor and sensory primitives are initially
black boxes and he has no knowledge about
their semantics, effects, or relations.

The robot learns how to use and tune these
primitives to produce various effects on its
surrounding environment, and exploration is
driven by the maximization of learning pro-
gress, that is, by choosing physical experiences
(“experiments”) that improve the quality of
predictions of the consequences of its actions.

Figure 31.2(b) outlines a computational
architecture, called Robust Intelligent
Adaptive Curiosity (R-IAC), that makes pos-
sible this curiosity-driven exploration and
learning process (Moulin-Frier et al., 2014;
Oudeyer et al., 2007). It is composed of several
modules. A prediction machine (M) learns to
predict the consequences of actions taken by
the robot in given sensory contexts. For
example, this module might learn to predict
(with a neural network) which visual move-
ments or proprioceptive perceptions result
from using the leg bashing motor primitive
with certain parameters. A meta-cognitive
module estimates the evolution of errors in
prediction of M in various subregions of the
sensorimotor space. This module estimates

2 Technically, the decision on how much time to spend
on high learning progress activities and other
activities is achieved using Multi-Armed Bandit
algorithms for the so-called exploration/exploitation
dilemma (Audibert et al., 2009).

how much errors decrease in predicting an
action, for example, in predicting the conse-
quence of a leg bashing movement when this
action is applied toward a particular area of
the environment. These estimates of error
reduction are used to compute learning pro-
gress as an intrinsic reward. This reward is an
internal quantity that is proportional to the
decrease of prediction errors. The maximiza-
tion of such reward is the aim of action
selection in a computational reinforcement
learning architecture (Oudeyer et al., 2007).
Importantly, the action selection
chooses most often to explore activities where
estimated learning progress is high. However,
this choice is probabilistic, which leaves the
system open to learning in new areas and open
to discovering other activities which might
yield learning progress.” Since the sensori-
motor flow does not come pre-segmented
into activities and tasks, a system that seeks
to maximize differences in learnability is also

system

used to progressively categorize the sensori-
motor space into regions, which models the
incremental creation and refining of cognitive
categories differentiating activities/tasks.

To illustrate how such an exploration mech-
anism can automatically generate ordered
learning stages, let us first imagine a robot
confronted with four categories of activities,
as shown in Figure 31.2(c). The practice of
each of these four activities, which can be of
varying difficulty, leads to different learning
rates at different points in time (see the top
curves, which show the evolution of prediction
errors in each activity if the robot would focus
full-time on each). If the robot uses curiosity-
driven exploration to decide what and when to
practice by focusing on progress niches, it will
avoid activities which are already predictable
(curve 4) or too difficult to learn to predict
(curve 1), in order to focus first on the activity
with the fastest learning rate (curve 3) and,
eventually, when the latter starts to reach a
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“plateau” to switch to the second most prom-
ising learning situation (curve 2). Thus, such
robots will show a regular developmental
course — one that will be “universal” for
learners with similar internal processes learn-
ing in similar environments. Embodied explor-
ation driven by learning progress creates an
organized exploratory strategy: the system sys-
tematically achieves these learning experiences
in an order and does so because they yield
(given the propensities of the learner and the
physical world) different patterns of
uncertainty reduction.

In the Playground experiment described,
multiple experimental runs lead to two general
categories of results: self-organization and a
mixture of regularities and diversities in the
developmental patterns (Oudeyer & Kaplan,
2006; Oudeyer et al., 2007).

31.3.1 Self-organization

In all of the runs, one observes the self-
organization of structured developmental tra-
jectories, where the robot explores objects and
actions in a progressively more complex stage-
like manner while acquiring autonomously
diverse affordances and skills that can be
reused later on and that change the learning
progress in more complicated tasks. The
following developmental sequence is typically
observed:

1. In a first phase, the robot achieves unorgan-
ized body babbling.

2. In a second phase, after learning a first
rough model and meta-model, the robot
stops combining motor primitives, explor-
ing them one by one, but each primitive is
explored itself in a random manner.

3. In a third phase, the robot now begins to
experiment with actions toward zones of its
environment where the external observer
knows there are objects (the robot is not

provided with a representation of the con-
cept of “object”), but in a non-affordant
manner (e.g., it vocalizes at the non-
responding elephant or tries to bash the
adult robot which is too far to be touched).

4. In a fourth phase, the robot now explores
affordant experiments: it first focuses on
grasping movements with the elephant,
then shifts to bashing movements with the
hanging toy, and finally shifts to exploring
vocalizing toward the imitating adult robot.

5. In the end, the robot has learnt sensorimo-
tor affordances with several objects, as well
as social affordances with a peer, and
mastered multiple skills, yet none of these
specific objectives were preprogramed in
the beginning. They self-organize through
the dynamic interaction between curiosity-
driven exploration, statistical inference, the
properties of the body, and the properties of
the environment.

These playground experiments do not simply
simulate particular skills (such as batting at
toys to make them swing or vocalizations) but
simulate an ordered and systematic develop-
mental trajectory, with a universality and
stage-like structure that may be mistakenly
taken to indicate an internally-driven process
of maturation. However, the trajectory is
created through activity and through the gen-
eral principle that sensorimotor experiences
that reduce uncertainty in prediction are
rewarding. In this way, developmental achieve-
ments can build on themselves without specific
pre-programmed dependencies, but nonethe-
less — like evolution itself —create structure
(see Smith & Breazeal, 2007 and Smith, 2013,
for related findings and arguments).

31.3.2 Regularities and Diversity

Because these are self-organizing developmen-
tal processes, they generate not only strong
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regularities but also diversity across individual
developmental trajectories. For example, in
most runs one observes successively unorgan-
ized body babbling, then focused exploration
of head movements, then exploration of touch-
ing an object, then grasping an object, and
finally vocalizing toward a peer robot (prepro-
grammed to imitate). This can be explained as
gradual exploration of new progress niches,
and those stages and their ordering can be
viewed as a form of attractor in the space of
developmental trajectories. Yet, with the same
mechanism and same initial parameters, indi-
vidual trajectories may invert stages, or even
generate qualitatively different behaviors. This
is due, stochasticity, to even small variability
in the physical realities and to the fact that this
developmental dynamic system has several
attractors with more or less extended and
strong domains of attraction (characterized
by amplitude of learning progress). We see this
diversity as a positive outcome since individual
development is not identical but always unique
in its own ways. This kind of approach, then,
offers a way to understanding individual
differences as emergent in the developmental
process itself and makes clear how the devel-
opmental process might vary across contexts,
even with an identical mechanism.

A further result to be highlighted is the early
development of vocal interaction. With a
single generic mechanism, the robot both
explores and learns how to manipulate objects
and how to vocalize to trigger specific
responses from a more mature partner. While
vocal babbling, and more language play and
games, have been shown to be key in infant
language development, the interest of infants
to engage in babbling and such language
games has often been associated with an
ad hoc language-specific motivation. The
Playground Experiment makes it possible to
see how the exploration and learning of com-
municative behavior might be at least partially

explained by general curiosity-driven explor-
ation of the body affordances, as also sug-
gested by Oller (2000).

Further models have explored more specif-
ically how social guidance provided by social
peers can be leveraged by an intrinsically
motivated active learner and dynamically
interact with curiosity to structure develop-
mental trajectories (Nguyen & Oudeyer,
2013; Thomaz & Breazeal, 2008). Focusing
on vocal development, Moulin-Frier et al.
(2014) conducted experiments where a robot
explores the control of a realistic model of the
vocal tract in interaction with vocal peers, and
driven to maximize learning progress. This
model relies on a physical model of the vocal
tract, its motor control, and of the auditory
system. Experiments showed how such a
mechanism can explain the adaptive transition
from vocal self-exploration with little influence
from the speech environment, to a later stage
where vocal exploration becomes influenced
by vocalizations of peers. Within the initial
self-exploration phase, a sequence of vocal
production stages self-organizes, and shares
properties with infant data: the vocal learner
first discovers how to control phonation, then
focuses on vocal variations of unarticulated
sounds, and finally automatically discovers
and focuses on babbling with articulated
proto-syllables. As the vocal learner becomes
more proficient at producing complex sounds,
imitating vocalizations of peers starts to pro-
vide high learning progress explaining an auto-
matic shift from self-exploration to vocal
imitation.

31.4 Curiosity-Driven Learning in
Artificial Intelligence (Al) and
Machine Learning

The AI and machine learning literature has
also shown how various forms of intrinsically
motivated exploration and learning could
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guide efficiently the autonomous acquisition of
repertoires of skills in large and difficult
spaces, providing a perspective in which to
interpret the evolution of curiosity-driven
learning in living organisms.

A first reason is that intrinsically motivated
exploration can be used as an active learning
algorithm that learns efficient forward and
inverse models of the world dynamics through
efficient selection of experiences. Indeed, such
models can be reused either directly (Baranes
& Oudeyer, 2013; Oudeyer et al., 2007), or
through model-based planning mechanisms
(Lopes et al., 2012; Schmidhuber, 1991; Singh
et al., 2004), to solve repertoires of tasks that
were not specified during exploration (hence
without the need for long re-experiencing of
the world for each new task). For example,
Baranes and Oudeyer (2013) have shown how
intrinsically motivated goal exploration could
allow robots to sample sensorimotor spaces by
actively controlling the complexity of explored
sensorimotor goals and avoiding goals which
were either too easy or unreachable. This
allowed the robots to learn fast repertoires of
high-dimensional continuous action skills to
solve distributions of sensorimotor problems
such as omnidirectional-legged locomotion or
how to manipulate flexible objects. Lopes et al.
(2012) showed how intrinsically motivated
model-based reinforcement learning, driven
by the maximization of empirical learning pro-
gress, allows efficient learning of world models
when this dynamics is non-stationary, and how
this accelerates the learning of a policy that
targets to maximize an extrinsic reward (task
predefined by experimenters).

A second reason for the efficiency of intrin-
sic motivation is that by fostering spontaneous
exploration of novel skills, and leveraging
opportunistically potential synergies among
skills, it can create learning pathways toward
certain skills that would have remained diffi-
cult to reach if they had been the sole target of

the learning system. Indeed, in many contexts,
learning a single pre-defined skill can be diffi-
cult as it amounts to searching (the parameters
of) a solution with very rare feedback until
one is very close to the solution, or with decep-
tive feedback due to the phenomenon of local
minima. A strategy to address these issues is to
direct exploration with intrinsic rewards,
leading the system to explore a diversity of
skills and contingencies which often result in
the discovery of new sub-spaces/areas in the
problem space, or in mutual skill improvement
when exploring one goal/skill provides data
that can be used to improve other goals/skills,
such as in goal babbling (Baranes & Oudeyer,
2013; Benureau & Oudeyer, 2016) or off-
policy reinforcement learning (see the Horde
architecture, Sutton et al., 2011). For example,
Lehman and Stanley (2011) showed that
searching for pure novelty in the behavioral
space a robot finds a reward in a maze more
efficiently than if it had been searching for
behavioral parameters that directly optimized
the reward. In another model, Forestier and
Oudeyer (2016) showed that intrinsically
motivated exploration of a hierarchy of sen-
sorimotor models allowed a simulated robot to
scaffold the successive acquisition of object
reaching, tool grasping, and tool use (note that
behaviors aiming at direct search tool use were
less efficient).

A third related reason for the efficiency of
intrinsically motivated exploration is that it
can drive the acquisition of macro-actions,
or sensorimotor primitives, which can be
combinatorially reused as building blocks to
accelerate the search for complex solutions in
structured reinforcement learning problems.
For example, Singh et al. (2004) showed how
intrinsic rewards based on measures of sali-
ency could guide a reinforcement learner to
progressively learn “options,” which are tem-
porally extended macro-actions, reshaping
the structure of the search space and finally
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learning action policies that solve an extrinsic
(abstract) task that is very difficult to solve
through standard reinforcement learning
exploration. Related uses of intrinsic motiv-
ation with a hierarchical reinforcement
learning framework were demonstrated in
Bakker and Schmidhuber (2004) and
Kulkarni et al. (2016).

In a related line of research studying the
function and origins of intrinsic motivation,
Singh et al. (2010) have shown through com-
putational modeling the potential evolution-
ary usefulness of intrinsic motivation systems
for maximizing extrinsic rewards (e.g., quan-
tity of food collected) in a distribution of
changing environments. In such changing
environments, it could be more robust for
reinforcement learning agents to represent
and use an internal reward function that does
not directly correspond to this extrinsic
reward, but rather includes a component of
intrinsic motivation that pushes the system to
explore its environment beyond the direct
search for the extrinsic reward.

31.5 Applications of Models of
Curiosity-Driven Learning in
Educational Technologies

Given the strong causal interactions between
curiosity-driven exploration and learning that
we just reviewed, these topics have attracted
the attention of theorists and experimenters on
the application domain of education. Long
before recent controlled experimental results
showing how intrinsic motivation and curios-
ity could enhance learning, educational experi-
menters like Montessori (1948) and Froebel
(1885) studied how open-ended learning
environments could foster individual child
development, where learners are active, and
where the tutor’s role is to scaffold challenges
of increasing complexity and provide feedback
(rather than instruction). Such experimental

approaches have more recently influenced the
development of hands on educational prac-
tices, such as the pioneering LOGO experi-
ments of Papert (1980), where children learn
advanced concepts of mathematics, computer
science, and robotics, and are now dissemin-
ating on large scales in several countries
(Resnick et al., 2009; Roy et al., 2015).

In parallel, philosophers and psychologists
like Dewey, Vygotski, Piaget, and Bruner
developed theories of cognitive and social con-
structivist learning which directly pointed
toward the importance of fostering curiosity,
free play, and exploration in the classroom.
Recently, the large body of research in educa-
tional psychology has led others to study sys-
tematically how states of intrinsic motivation
can be fostered, or on the contrary weakened,
in the classroom, for example when the
educational context provides strong extrinsic
rewards (Deci et al., 2001).

As educational technologies are now
thriving, in particular with the wide spreading
of Massive Open Online Courses (MOOCs)
and educational applications on tablets and
smartphones, it has become natural to enquire
how fundamental understanding of curiosity,
intrinsic motivation, and learning could be
leveraged and incorporated in these educa-
tional tools to increase their efficiency.

A first line of investigation has been to
embed educational training within motivating
and playful video games. In a pioneer study,
Malone (1980) used and refined theories of
intrinsic motivation as proposed by Berlyne,
White and psychologists of the 1950-1970s
period, to evaluate which properties of video
games could make them intrinsically motivat-
ing, and to study how such contexts could be
used to distill elements of scholarly knowledge
to children. In particular, he showed that video
games were more intrinsically motivating
when including clear goals of progressively
when the

increasing complexity, system
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provided clear feedback on the performance of
users, and when outcomes were uncertain to
entertain curiosity. For example, he showed
how arithmetic concepts could be taught in
an intrinsically motivating scenarized dart
video game. As an outcome of their studies,
they could generate a set of guidelines for the
design of education-oriented video games.

In a similar study, studying the impact of
several of the factors identified by Malone,
Cordova and Lepper (1996) presented a study
of a population of elementary school children
using a game targeting the acquisition of arith-
metic order-of-operation rules, scenarized in a
“space quest” story. In this specific experimen-
tal context, they showed that embedding
personalization in the math exercises (based
on preferences expressed through a pre-
questionnaire) significantly improved intrinsic
motivation, task engagement, and learning
efficiency, and that this effect was heightened
if in addition the software offered personaliza-
tion of visual displays and a variety of exercise
levels children could choose from.

Beyond explicitly including educational
elements in video games, it was also shown
that “pure” entertainment games such as cer-
tain types of action games can enhance atten-
tional control, flexibility, and
learning capabilities by exercising them in an
intrinsically motivating playful context
(Cardoso-Leite & Bavelier, 2014). Within this
perspective, Merrick and Maher (2009) sug-
gested that implementing artificial curiosity in
non-player characters in video games could
enhance the “interestingness” of video games.

A second line of investigation has con-
sidered how formal and computational
models of curiosity and intrinsic motivation
could be applied to Intelligent Tutoring
Systems (ITS) (Nkambou et al., 2010), as well
as Massive Open Online Courses (MOOCS)
(Liyanagunawardena et al., 2013). ITS, and
more recently MOOCs, have targeted the

cognitive

design of software systems that could help
students acquire new knowledge and skills,
using artificial intelligence techniques to per-
sonalize teaching sequences, or the way teach-
ing material is presented, and in particular
proposing exercises that match the particular
difficulties or talents of each individual learner.
In this context, several approaches were
designed and experimented on, so as to pro-
mote intrinsic motivation and learning.
Clement et al. (2015) have presented and
evaluated an ITS system that directly reused
computational models of curiosity-driven
learning based on the learning progress
hypothesis described in Section 31.3 (Oudeyer
et al., 2007). This study considered teaching
arithmetic decomposition of integer and deci-
mal numbers, in a scenarized context of money
handling, to a population of seven-to-eight
years old children (see Figure 31.3). To design
the ITS system, a human teacher first provided
pedagogical material in the form of exercises
grouped along coarsely defined levels and
coarsely defined types. Then, an algorithm
called ZPDES (Zone of Proximal
Development and Empirical Success) was used
to automatically personalize the sequence of
exercises for each student, and this personal-
ization was made incrementally during the
course of interaction with each student. This
personalization was achieved by probabilisti-
cally proposing to students exercises that
maximized learning progress at their current
level, that is, the exercises where their errors
decrease fastest. In order to dynamically iden-
tify these exercises, and shift automatically to
new ones when learning progress becomes low,
the system used a multi-armed bandit algo-
rithm that balanced exploring new exercises
to assess their potential for learning progress,
and exploiting exercises that recently lead the
student to learning progress. During this pro-
cess, the coarse structure organizing exercises
that was provided by a human teacher is used
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Figure 31.3 Educational game used in Clement et al. (2015): a scenario where elementary school children
have to learn to manipulate money is used to teach them the decomposition of integer and decimal

Tu s lait 13€, ce r'est pas ce que iu
renare.

numbers. Four principal regions are defined in the graphical interface. The first is the wallet location
where users can pick and drag the money items and drop them on the repository location to compose
the correct price. The object and the price are present in the object location. Four different types of
exercises exist: M (customer/one object), R (merchant/one object), MM (customer/two objects), RM
(merchant/two objects). The intelligent tutoring system then dynamically proposes to students the
exercises in which they are currently making maximal learning progress, targeting to maximize intrinsic
motivation and learning efficiency

A black-and-white version of this figure will appear in some formats. For the color version, please refer to the

plate section.

to guide the algorithm toward finding fast
which exercises provide maximal learning pro-
gress: the system starts with exercise types that
are at the bottom of the difficulty hierarchy,
and when some of them show a plateau in the
learning curve, they are deactivated and new
exercises higher in the hierarchy are made
available to the student (see Figure 31.4). The
use of learning progress as a measure to drive
the selection of exercises had two interacting
purposes, relying on the bidirectional inter-
action described above. First, it aimed to pro-
pose exercises that could stimulate the intrinsic

motivation of students by dynamically and
continuously setting them challenges that were
neither too difficult nor too easy. Second, by
doing this using learning progress, it aimed at
generating exercise sequences that are highly
efficient for maximizing the average scores
over all types of exercises at the end of the
training session. Indeed, Lopes and Oudeyer
(2012) showed in a theoretical study that,
when faced with the problem of strategically
choosing which topic/exercise type to work on,
selecting topics/exercises that maximize learn-
ing progress is quasi-optimal for important
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Exerclse Type >
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Figure 31.4 Example of the evolution of the zone-of-proximal development (ZPD) based on the
empirical results of the student. The ZPD is the set of all activities that can be selected by the algorithm.
The expert defines a set of preconditions between some of the activities (Al — A2 — A3 ...), and
activities that are qualitatively equal (A == B). Upon successfully solving Al the ZPD is increased to
include A3. When A2 does not achieve any progress, the ZPD is enlarged to include another exercise
type C, not necessarily of higher or lower difficulty, for example, using a different modality, and A3 is
temporarily removed from the ZPD. Adapted from Clement et al. (2015)

A black-and-white version of this figure will appear in some formats. For the color version, please refer to the

plate section.

classes of learner models. Experiments with
400 children from 11 schools were performed,
and the impact of this algorithm selecting exer-
cises that maximize learning progress was
compared to the impact of a sequence of exer-
cises hand-defined by an expert teacher (that
included sophisticated branching structures
based on the errors-repair strategies the
teacher could imagine). Results showed that
the ZPDES algorithm, maximizing learning
progress, allowed students of all levels to reach
higher levels of exercises. Also, an analysis of
the degree of personalization showed that
ZPDES proposed a higher diversity of exer-
cises earlier in the training sessions. Finally, a
pre- and post-test comparison showed that
students who were trained by ZPDES pro-
gressed better than students who used a
hand-defined teaching sequence.

Several related ITS systems were developed
Beuls (2013)
described a system targeting the acquisition

and tested. For example,

of Spanish verb conjugation, where the ITS

attempts to propose exercises that are just
above the current capabilities of the learner.
Recently, a variation of this system was
designed to foster the learning of musical
counterpoint (Beuls & Loeckx, 2015). In
another earlier study, Pachet (2004) presented
a computer system aiming to help children
discover and learn how to play musical instru-
ments, but also capable of supporting creativ-
ity in experienced musicians, through fostering
the psychological experience of Flow
(Csikszenthmihalyi, 1991). This system, called
the Continuator (Pachet, 2004), continuously
learnt the style of the player (be it a child
beginner or expert) and used an automatic
improvisation algorithm to respond to the
user’s musical phrases with musical phrases
of the same style and complexity, but different
from those actually played by users. Pachet
(2004) observed that both children and expert
musicians most often experience an “Eureka
moment” using this system. Their interest and
attention appeared to be strongly attracted by
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playing with the system, leading children to try
and discover different modes of play and to
increase the complexity of what they could do.
Expert musicians also reported that the system
allowed them to discover novel musical ideas
and to support creation interactively.

31.6 Conclusion

Computational and robotic models of
curiosity-driven exploration and learning have
enabled us to formalize various forms of spon-
taneous exploration mechanisms that had
remained elusive in psychology and neurosci-
ence so far. These models have considered
curiosity mechanisms from a perspective
where the child is viewed as a sense-making
organism that explores for the sake of building
good predictive models of its world. This per-
spective has been instrumental in identifying
which curiosity mechanisms could guide effi-
cient exploration and learning in large uncon-
trolled real-world environments. For example,
this has allowed us to see the limits of mechan-
isms pushing organisms to search for high
uncertainty or high entropy states (doing this
they could be trapped exploring parts of the
environments where there is nothing useful to
learn). This has also led us to formulate the
learning progress (LP) hypothesis, stating that
organisms situations where they
empirically improve various aspects of their
world models. Computational and robotic
experiments of this LP mechanism have shown
that beyond enabling efficient learning of
world models in large sensorimotor and cogni-
tive spaces, it also enabled us to self-organize
ordered trajectories of development. These
self-organized trajectories emerge out of the
dynamic interaction between the brain, the
body, and the environment, and show similar
regularities and diversity to human infant
developmental trajectories. Finally, these new
theoretical insights provide a new view on

explore

educational perspectives, and have been
adapted in educational technology applica-
tions, aiming at personalizing the sequences
of exercises provided to each learner, in order
to maximize both the efficiency of learning and
intrinsic motivation.
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