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Abstractd Intrinsic motivation is a central mechanism that guides spontaneousaexplor
tion and learning in haans. It fosters incremental and progressive sensorimotor and cogn
tive development by pushing exploration of activities of intermediate complexity given the
current state of capabilities. This chapter presents and studies two computational intrinsic
motivation systems that share similarities with human intrinsic motivation systems, I1AC
and RIAC, that aim at selbrganizing and efficiently guiding exploration feensoninotor
learning in robotslAC was initially introducedo model the qualitative formatn of dee-
lopmental motor stages of increasing complexity, as shown in the Playground Experiment
which we will outline. In this chaptewe argue that IAC and other intrinsically motivated
learning heuristics couldlsobe viewed as active learning algbris that are particularly
suited for learning forward models in unprepared sensorimotor spaces with largeainlearn
ble subspaces. Then, we introduce a novel formulation of IAC, callé€CRand show that
its performances as an intrinsically motivatedaciearning algorithm are far superior to
IAC in a complex sensorimotor space where only a small subsp@ide ist er e ;né-i ng o,
ther unlearnable nor trivial. We also show results in which the learnt forward model is
reused in a control scheme. FinalBn opersource accompanying software containing
these algorithmas well as tools to reproduce all the experimensmulationpresented in
this paper is made publicly available.

Index Termsd active learning, intrinsically motivated learning, explaat developme-
tal robotics, artificial curiosity, sensorimotor learning.

1.1 Intrinsically Motivated Explora tion and Learning

Developmental roboticapproaches are studyimgechanisms that may allow a
robot to continuously discover and learn new skillafmknown environments and
in a life-long time scald1], [2]. A main aspecis the fact that the set of these
skills and their functiopare at least partially unknown to the engineer who- co
ceive the robot initially, and are also tésklependent. Indeed, desirable feature
is that robots should be capable of exploring and developing various kinds of

1 PierreYves Oudeyer and AdrienBaranes are with INRIA France
(http://flowers.inria.fj, and Frédéric Kaplan is with CRAFHPFL, Switzerland.
Material presented in this chapter is based@veral previous publications of the
authors (in particular [2761]).
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skills that they may reise later on for tasks that they did not foresee. This is what
happensn human children, and this is also why developmental robskiai im-
port concepts and mechanisms from human developmental psychology.

1.1.1The problem of exploration in operended learning

Li ke children, the fifreedomd that is given to
open set of skills also poses a very imporfanblem: as soon as the set of motors
and sensors is rich enough, the set of potential skills become extremely large and
complicated. This means that on the one hand, it is impossible to try to learn all
skills that may potentially be learnt because th&reot enough timéo physically
practice all of them. Furthermore,there are many skills or goals that the
child/robot could imagine but never be actually learnable, because they are either
too difficult or just not possible (for example, trying to leéw control the weather
by producing gestures is hopeless). This kind of problem is not at all typical of the
existing work in machine | earning, where usual
Askillso to be | e-greparedbgatmamgnedér.doreed are wel |
ample, when learning hareye coordination in robots, the right input and output
spaces (e.g. arm joint parameters and visual position of the hand) are typically
provided as well as the fact that haeyk coordination is an interesting skitl
learn. But a developmental robot is not supposed to be provided with the right
subspaces of its rich sensorimotor space and with their association with appropr
ate skills: it would for example have to discover that arm joint parameterssand vi
ual positon of the hand are related in the context of a certain skill (which we call
handeye coordination but which it has to conceptualize by itself) and in tike mi
dle of a complex flow of values in a richer set of sensations and actions.

1.1.2Intrinsic motivations

Developmentatobots like humanshave a sharp need for mechanisms that may
drive and seHorganize the exploration of new skills, as well as identify andnerga
ize useful sukspaces in its complex sensorimotor experieniésgchologists have
identified two broad families of guidance mechanisms which drive exploration in
children:

1) Social learning which exists in different forms such as stimulus enkanc
ment, emulation, imitation or demonstration, and which many groups try to
implement in robots [e.8,4,5,6,7,8,9,10,11,12,13,14];

2) Internal guiding mechanisms also studied by many robotics research
groups (e.g. see [15,16,17,18,19,20]) and in particular intrinsic motivation,
responsible of spontaneous exploration and curiosity in humans, which is
themechanisms underlying the algorithms presented in this paper.

Intrinsic motivations are mechanisms that guide curiedityen exploration,
that were initially studied in psychology [2[43] and are now also beingpa
proached in neuroscience [246]. Machine learning and robotics researchers



have proposed thauch mechanism might lmeucial for selforganizing develp-
mental trajectories as well as for guiding the learningyerieral and reusable
skills in machines and robots [27,2@] large diversityor approaches for opeer
tionalizing intrinsic motivation have been presented in the literature [e.g.
29,30,31,32,33,34,28,27,35], and see [27] for a general overview. Sexgzél e
ments have been conducted in realld robotic setups, such as in7[36,34
where an intrinsic motivation system was shown to allow for the progressive di
covery of skills of increasing complexity, suchiaghe Playground Experiment

that we will present in section # these experiments, the focus was on the study
of how devéopmental stages could salfganize into a developmental trajectory

of increasing complexityithout a direct prespecification of these stages and
their numberAs we will explain in section 4, this can lead to stimulating models
of the selforganizationof structured developmental trajectories with both unive

sal tendencies and diversity as observed in humans [60]. Furthermore, in this
chepter, we argue that such intrinsic motivation systems can be used as efficient
active learning algorithms. With thisew, we present a novel system, calld

IAC, which improveslAC over a number of features. Through several @xper
ments, we willshow that it can be used as an efficient active learning algorithm to
learn forwardand inversemodels incomplex unprepared ensorimotor space

with unlearnable subspaces.

1.21AC and RIAC for Intrinsically Motivated Active Leaming

1.2.1 Developmental Active éarning

In IAC, intrinsic motivation is implemented as a heuristics which pushes a robot
to explore sensorimotor activitiesrfahich learning progress is maximal, i.ebsu
regions of the sensorimotor space where the predictions of the learnt forward
model improve fastest [27]. Thus, this mechanism regulates actively the growth of
complexity in sensorimotor exploration, and cancbaceptualized as @develg-
mental active learningalgorithm. This heuristics shares properties with statistical
technigues in optimal experiment design (e.g. [37]) where exploration is driven by
expected information gain, as well as with attention andvatin mechanisms
proposed in the developmental psychology literature (e.g. [22], [38], or see [23]
for a review) where it has been proposed that exploration is preferentially focused
on activities of intermediate difficulty or novelty [39,40], but diffesignificantly
from many active learning heuristics in machine learning in which exploration is
directed towards regions where the learnt model is maximally uncertain or where
predictions are maximally wrong (e.g. [41, 42], see [27] for a review). Asdrgu
in [27], developmental robots are typically faced with large sensorimotor spaces
which cannot be entirely learnt (because of time limits among other reasons)
and/or in which subregions are not learnable (potentially because it is tod-compl
cated for thdearner, or because there are no correlations between the input and



output variables, see examples in the experiment section and in [27]). In these se
sorimotor spaces, exploring zones of maximal uncertainty or unpredictability is
bound to be an inefficig strategy since it would direct exploration towards-su
spaces in which there are no learnable correlations, while a heuristics based on
learning progress allows to avoid unlearnable parts as well as to focus exploration
on zones of gradually increasingnaplexity.

In [27, 34], experimentsuch as the Playground Experiment described in section
4 showed howlAC canallow an AIBO robot, equipped with a set of paraget
rized motor primives (in a 5SDOF motor space), as well as a set of perceptual
primitives (in a 3 DOF perceptual space), to smifjanize a developmental traje
tory in which a variety of affordances uses of the motor primitives where learnt in
spite of not having been specified initially. In [3@]slightly modified version of
IAC allowed an ABO robot, equipped with parameterized central pattern gener
tors (CPG6és) in a 24 DOF motor smace and 3 DOF
riety of locomotion skills. Yet, these previous results focused on qualitatipe pro
erties of the selbrganized devebmental trajectories, andC was not optimized
for efficient active learning per se.

Here, we present a novel formulationlAC , calledRobustIAC (R-IAC), and
show that it can efficiently allow a robot to learn actively, fast and correatly fo
ward andinverse kinematic models in an unprepared sensorimotor space. As we
will explain, R-IAC introduces four main advances comparebh\o :

9 Probabilistic action selection instead of choosing actions to explore
the zone of maximal learning progress at a givemment in time (e
cept in the random action selection modeJAR explores actions on
sensorimotor subregions probabilistically chosen based on theii-indiv
dual learning progress;

1 Multi -resolution monitoring of learning progress in R-IAC, when
sensorimatr regions are split into subregions, parent regions are kept
and one continues to monitor learning progress in them, and they cont
nue to be eligible regions for action selection. As a consequence, lea
ning progress is monitored simultaneously at variegsons scales, as
opposed to IAC where it was monitored only in child regions and thus
at increasing small scales;

1 A new region spliting mechanismthat is based on the direct optim
zation of learning progress dissimilarity among regions;

1 The introduction of a third exploration mode hybridizing learning
progress heuristics with more classic heuristics based on the exploration
of zones of maximal unpredictability;



1.2.2Prediction Machine and Analysis of Error Rate

We consider arobot as a system it motor/actions channelsl and se-
sory/state channelS. M and S can be lowlevel such as torque motor values or
touch sensor val ues, or hi gher l evel such as
command or Aface det ect eStancourgpend éoli- sensor 0. Fur:
ternal sensors measuring the internal state of the robot or encoding past values of
the sensors. Real valuadtion/motor parameters are represented as a ViE¢thy
and sensors, ay’), at a time tNE(") represents a sensorimotor context, i.e. the
concatenation of both motors and sensors vectors.

We also consider a Prediction MachiR®& (Fig. 1), as a system based on a
learning algorithm (neural netwis, KNN, etc.), which is able tereate dorward
model of a sensorimotor spabased on learnirekamples collected through self
determined sensorimotor experimeniExperiments are defined as series of a
tions, and consideration of sensations detedted actionsareperformed.An ex-
periment is represented by the G8E ("),n("I+ )), and denotes the sensfatate
consequenc8(t+1) that is observed when actions encodeii(t) are performed
in the sensorgtatecontextS(t). This set is called @learning exemplaro. After
each trial, the prediction machifM ges this data andncrementally updates the
forward model that it is encoding, i.e. the robot incrementally increases its kno
ledge of the sensorimotor space. In this update proe&tss able to compare, for
a given contextiE (4, differences betweenrgdicted sensationy( < ) (est-
mated using the created model), and real consequ&(iees ). It is then able to
produce a measure of erggr< ), which represents the quality of the model for
sensorimotor contexfE ( 4. This is summarized ifigure 1.

Environment +
physical realization of
action

Actual
Consequence

Input = Prediction of S(t+1)

action + context conseguence
SM(t) S'(t+1)

feedback

Actual error
E= |S'(t+1)- S(t+1)]

Fig. 1. The prediction learning machine (e.g. a neural network, an SVM, cs-
sian process rearession based alaorithm)

Then weconsidera module able to analyze learning evolutions over,tcatked
Prediction Analysis MachinPAM, Fig. 2.In a given subregiod . of the sens-
rimotor space (which we will define below), thigsseemmonitors the evolution of



errors in predictions made nBM by computing its derivative, i.e. the learning
progressd . = Q@ Qin this particular region over a sliding time window (see

Fig 2).4 |1 is then used as a measure deiestingness used in the action sele

tion scheme outlined below. The more a region is characterized by learning
progress, the more it is interesting, and the more the system will perforni-exper
ments and collect learning exemplars that fall into this reddd course, as expl

ration goes on, the learnt forward model becobster in this region and learning
progress might decrease, leading to a decrease in the interestingness of this region.

To precisely represent the learning behavior inside the wiolsosimotor space
and differentiate its various evolutions in various subspaces/subregions, different
PAM modules each associated to a different subrefigof the sensorimotor
spaceneedto be built. Therefore, the learing progrésk provided as the au
putvalues of eaclPAM becoms representative of the interestingness of the-ass
ciatedregion =| . Initially, the whole space is considered as one single r@|gion
associated to onPAM, which will be progressively split into sudgions with
their ownPAM as we will now describe.

1.2.3The Split Machine

The Split MachinespM (Fig. 3) possessethe capacity to memorizall the exe-
rimented learning exempla¢§E ("), ("1+ )), and the corresponding errord-va
uesy « ). It is both responsible for identifying the region @P8M corres-
ponding to a giversM(t), but also responsible of splitting (or creating AT
where parent regions are kept in use)}mdions from existing regions.

/ Prediction Analysis Machine PAM, \
TEvolution of errors over time, for a given regio“

t-t, t:tl F

1 1

« I\ J

Errors v ~
Mean of error rate Mean of error rate
in a far past in a near past
- €r En -
-~

Learning Progress = gy - ef >
A

Fig. 2. Internal mechanism of theddiction Analysis MachingEAE, associated
to a given subregioé. of the sensorimotor spac&his module considers errors
detected in prediction by the Prediction Machi®id, and returns a value repr




sentative of the learning progress in the region. Learning progréesdgrivative
of errors analyzed between a far and a near past in a fixed length sliding window.
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Fig. 3.General architecture of IAC andIRC. The prediction Machine is usec
create a forward model of the world, and measures the quality of its prec
(errors values). Then, a split machine cuts the sensorimotor space into die
gions, whose qudli of learning over time is examined by Prediction Ana
Machines. Then, an Action Selection system, is used to choose experimemt
form.

1) Region Implementation

We use a tree representation to store the list of regisslsown inFig. 4 The
main node represesithe wholespace, and leafs are subspagéd and'E(") are
here normalized intf0;1]". The main region (first nodegalled’,, represents the
whole sensorimotor spacEach regiorstores all collected exemplars that iveo
ers.When a region contains more than a fixed nunihgk of exemplas, we split
it into two ones InlAC, or create two new regions R-IAC . Splitting is done
with hyperplanes perpendicular to one dimensim exampleof split execution
is shown inFig. 4,using atwo dimensions input space.



Dim 1 <07 Dim1=]0.7

Dim2 <05 Dimz=105 @

Fig. 4. The sensorimotor space is iteratively and recursively split intespabescalledfi r e g
Each region; is responsibldor monitoring the evolution of the error rate in teticipationof con-
sequences of tiftheassodabed ¢codtexts @avered oyrhss region.

2) 1AC Split Algorithm

In thelAC algorithm, theidea was to find a split such that the two sets ofrexe
plars into the two subregions would minimize the sum of theanaeis of] <

components of exemplars of each setighted by the number of exemplars of
each setHence, the split takes place in the middle of zones of maximal change in
the  function]! (¥ © {(« ). Mathematically, we ausidere; =

NE <4, 4 . as the set of exemplars possessed by régiohet us @-

note 'Qa cutting dimension angl, an associated cutting value. Then, the split
ofe;into * ;,, and « ;,, is done by choosingand Ugsuch that:

(1) Al the exemplarsfE(¥,1( < ) - of <, have a®%tomponent of
theirnE <« smaller thanlyg

(2)  All the exemplars fE(,i( € ) - of «;,,have a®%component of
theirfE <« greater thanig

(3) The quantity :

0060 Qg =
S :+19, ﬂ < | rTE 4,ﬁ < Noesyir
+80:408, N ¢ | NE €N @ Noesio
is minimal, where
.2
! S8

whereSis a set of vects, andsSg its cardinal. Finding the exact optimal split
would be computationally too expensive. For this reason, we use the following
heuristics for optimization: for each dimensighwe evaluate);; cutting values



Ugequdly spaced betweethe extrema values of ;, thus we evaluaté .| qQ

splits in total, and the one with minimabax ‘Q),, is finally chosen. This co-
putationally cheap heuristics has produced acceptable results in all thé exper
ments we ran so falt could potentially be improved by allowing region splits
cutting multiple dimensions at the same time in conjunction with a MGaréo
based sampling of the space of possible splits.

3) R-IAC Split Algorithm

In R-IAC, the splitting mechanism is based comparisons between the Iear
ing progress in the two potential child regiofke principalideais to perform the
separation which maximizes the dissimilarity of learning progressomparing
the two created regions. THesds to the direct detectioh @areas wherehe lean-
ing progress is maximal, and to separate tfrem others(see Fig. 5)This con-
trasts withlAC where regions where built independently of the notion of learning
progress.

Reusing the notations of the previous sectiorR4IAC the lit of ¢ ;into * ;.
and ¢ ;,, is done by choosingand Ugsuch that:
Gédﬁ TQ‘)’Q =
(00,1 He | NE <« < Noesa
00;,, ‘He | NE <1 < N )2
is maximal, where

> o5
BZ, 00 BYL00
2
S8

DG"‘Q O =

WhereOis a set of errors value€2"Q with errors indexed by their relative order

i of encounter (e.g. err@(9)corresponds to a prediction made by the robot before
another predictio which resulted i(10) this implies that the order of exemplars
collected and associated prediction errors are stored in the yyateiid, O is

the learning progress of regiovip The heuristics used to find an approximate
maximal splitis the same as the one described abovEAfor.
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Fig. 5. Evolution of the sensorimotor regions overetiThe whole space is @
gressively subdivided in such a way that the dissimilarity of eachegibn ir
terms of learning progregsmaximal.

1.2.4Action Selection Machine

We present here an implementation of Action Selection MachmBEl. The
ASM decides of action& <« to perform given a sensory conteixt «. (See Fig.
3.). The ASM heuristics is based on a mixture of sevamles which differ ke-
tweenlAC andR-IAC. Both IAC andR-IAC algorithms share the same global
loop in which modes are chosen probabilistically:

Outline of the global | oop of IAC and RIAC algorithms:
1 Action Selection MachineASM: given S(t), executean action’E <« usingthe

mode (= ) with probability=sand based on data stored in the region, tngh
= n{  }forlACand= v { , , }for RIAC;

1 Prediction Machine PM: Estimate the predicted consequedha using the
prediction machin®M ;

1 External Environment: Measurehe real consequendle,

1 Prediction Machine PM: Compute the errqg ¢ = +iv{« 1< );

1 Update theprediction machine PM with AE "I,/ "I+

1 Split Machine SM: update the region tree withflE "I,n "I+ and
mY

1 Prediction Analysis Machine PAM: update evaluation of learning progress
the regions that covenE "l ,n "1+

We now present the different exploration modes used by the Action Seleaion M

chine, inlAC andR-IAC algorithm:

in

1) Mode 1: Random Babbling Exploration

The random babbling modecorresponds to a totally random explorati¢nan-
dom choice ofE "I with a uniform distribution) which does not consider esr
vious actions and contexthis mode appears in botAC andR-IAC algorithm,
with a probability== typically equal ta30%.
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2) Mode 2: Learning Progress Maximization Exploration

This mode, chosen with a probabiliky typically equal t670%, aims to maxin-
ize learning progressut with two different heristics inlAC andR-IAC:

IAC: In thelAC algorithm, mode? action selection is straightforward: among
the leaf regions that cover the current statéd (i.e. for which there exists a
‘E "I such thatiE "l is in theregion- there are typically mny),the leaf region
which learning progress is maximal is found, and then a random action within this
region is chosen;

R-IAC : In theR-IAC algorithm, we take into account the fact that many regions
may have close learning progress values, and thuddsheuselected roughly
equally often, by taking a probabilistic approach to region selection. This avoids
the problems of a winner taladl strategy when the region splits do not reflect
well the underlying learnability structure of the sensorimotor sgaaghermore,
instead of focusing on the leaf regions likelAC, R-IAC continues to monitor
learning progress in nodegions and select them if they have more learning
progress: thus learning progress is monitored simultaneously at several scales in
thesensorimotor space. Let us give more detalils:

i) Probabilistic approach to region selection

A region'Y; is chosen among all eligible regioi¥s= {'Y.é (i.e. for which
there exists @€ "I such thatnE "I is in the region) with a probability
“: proportional to its learning progres®);, stored in the associated
|

B 90q a'@ 00gs

j)  Multi -resolution monitoring of learning progress

In the IAC algorithm the estimatiorof learning progress onligappens in
leafregions, which are the only eligible regions fotian selectionin R-IAC,
|l earning progress is monitored in all regi ons:e
time, which allows us to track learning progress at multiple resolution in the
sensorimotor space. Ehimplies thatwhen a new exemplds available,R-
IAC update the evaluation of learning progress in all regions that cover this
exemplar (but only if the exemplar was chosen randomly, i.e. not with &g ode
as described below). Because regions are created indowap manner and
stored in a tree struate which was already used for fast access in IAC, this
new heuristics does not bring computational overload and can be implemented
efficiently.
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In R-IAC mode 2, when a region has been chosen with the probabilistic approach
and the multresolution schem a random action is chosen within this region with
a probability=s typically equal ta60%, (which means this is the dominant mode.

3) Mode 3: Error Maximization Exploration

Mode 3 combines a traditional active learning heuristics with the concept of
learning progress: in mode 3, a region is first chosen with tihe saheme as in
R-IAC mode 2. But once this region has been chosen, an action in this region is
selected such that the expected error in prediction will be maximal. This-is cu
rertly implemented through a-kearest neighbor regression of the function
"W (0 © Qo+ 1) which allows finding the point of maximal error, to which is
added small random noise (to avoid to query several times exactly the same point).
Mode 3 is typically chosen with a probabilitse = 10% in R-IAC (and does not
appear inAC).

1.2.5Pseudecode of RIAC

RIAC( [H e, mm, mm, ] s ®s, 1I,-)

Init
i Let=| be the whole space of mathematically possible values of the se

sorimotor contexBM(t) (typically a hypercube iR ');

Letd || = be the learning progress associated to

Let dgo1 = {1} (later on in the algorithm,=|.o=|lwill be the set

(AE; "I,y "1+ A7+ o) where the set of iE; "I, "I+

componert is the set of learning examplars collected¥ the set

of '"H'I+  components is the set of associated prediction errorsp and

is an indice whose value indicates the relative order in which eact-parti

ular learning examplar was ocetited Within=| g

1 Init the prediction/learning machineM with an empty set of learning
exemplars;

f
f

Loop

Let S(t) be the current state;
Let4 = 4 4 ,8.,4. be the set of subregion,of the sensorimotor spage
such that therexists aM(t) such thaSM(t) M d a;

For alin, letd | be the learning progress associateq.to
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Action Selection

9 Select action selection modeodeamongmode 1, mode 2and mode 3with
probabilitieS mm, mm, w;
1 1f mode =mode 1
oLet M(t) be a random vector (uniform distribution)
9 If mode =mode 2
oFora= 08 ¢,
ot o= el 02
Bigy 000 6" ®pg.44 000
oLetq gbe a subregion if chosen wih probability |fg Q™ {0,8 ,£} in
a roulette wheel manner
oLetM(t) be a random vector such thil < 4 g(uniform distritu-
tion);
9 1f mode =mode 3
oFora= 08 ¢,
00y 6 'Qpp-ad 000

let ”'d =

Bl 00 '@ 5.4 00
oLetq gbe a subregion if chosen with probabilitylg, Q" 0,8 ,£ in
a roulettewheel manner
olLet Fr»=||be a model of the errors made in prediction=| gin the past,
built with acd-nearst nei ghbor algorithm g
collected inf g, belonging to! e o; | _
oLet Mmax(t) = +t|m+u <Py ! <« obtained by samplingn
iformly randomly candidate(t) ;
oLet M(t) = Mmax(t) + £ with £ a small random number betwe@mnd
along a uniform distribution.
9 Execute M(1);

Prediction and measurement of the consequences of action

1 Estimate the predicted consequen¢es# ) of executingE "I in the envirm-
ment with staté&(t) using the prediction machiri@M ;

1 Measure the real consequengél+  after execution o I in the envirm-
ment with staté&(t);

TCompute the errqg ¢ = Ffv i « nol+

fUpdate the prediction machinePM with the new learning

plar AE "1, "I+ :

t

he

| ast

d
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Update of region models

fLetEx= AE "I.A "1+ "Hl+
1 Letl be the total number of regions created by the system so far;
1 For all regions{ g such thaSM(t) ¥ {g
oLet © be the maximumo index in< g, ;
O=Ii'=|l = =I-'=|I+ (HE 1,471+ JH1+ ,0+ ) where o+

is an indice used to keep track of the order in which this learning-exa

plar was stored in relation to others (see below);
olf carddwpyy) = 7 waia
Create two new regiond; ,; andq;., as subregions ofg with'Qa

cutting dimension andl, an associated cutting value optimized throligh

random uniform sampling dif possible candidates and such that:
L. ey, ., is initialized withall the elements 4 g, _that have 3

"@omponent of theilfE <« smaller thanig
2. ey, ., is initialized withall the elementin <o, _that have 4

'@ component oftheir{E < greater thanig
3. The difference between learning progresséﬁr +1 and
00, measured in both subregions is maximal, i.e.

(=I ||'ﬂ+ H <« | rTEi <,f]i < ."H <« O N =I-.=|r+1
b He JNE <«n ¢ He o

Ny, )?

is maximal, where errors are indexed by their relative order of measur

ment wcalculated fronw values where

Wioo 5 @i 'Q(0) :
B. .....2 'Q B Q
55 0 QuwiQ o - RGN O F+1
00 = T~
wd (0)

where —defines the time window used to compute learning prog

achieved through the acquisition of most recent learning examplg
eachregion;
o Store the learning progresses EE, and
‘EE, ofthetwo newly createdregions;
or=r+1

1 For all regions{ g such thatSM(t) ¥ { g (exceptd; ,; andd; ., if a split was
performed)recompute! ||gand storehe value;

EndLoop

ress
irs in
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1.2.6Software

An opensource Matlakbased software library containing the source code of the
IAC andR-IAC algorithms, as well as tools and a tutorial that allow to reproduce
all experiments presented in sections IV and V belomasle publicly available
at: http://flowers.inria.fr/riaesoftware.zip

1.2.7Remarks

Regulation of the growth of complexity As argumented in detail in [28], the
heuristics consisting in prefererljaexploring subregions of the sensorimotor
space where learning progress is maximal has the practical consequence to lead
the robot to explore zones of intermediate complexity/difficulty/contingency,
which has been advocated by developmental psychddgist. [22,23,38]) aseb
ing the key property of spontaneous exploration in humans. Indeed, subregions
which are trivial to learn are quickly characterized by a low plateau in prediction
errors, and thus become uninteresting. On the other end of the giiynpjee-
trum, subregions which are unlearnable are characterized with a high plateau in
prediction errors and thus are also quickly identified as uninteresting. In between,
exploration first focuses on subregions where prediction errors decrease fastest,
which typically correspond to lower complexity situations, and when these regions
are mastered and a plateau is reached, exploration continues in more complicated
subregions where large learning progress is detected.

Key advances of RIAC over IAC and robustness to potential inaccurate
and large number of region splits. Among the various differences between IAC
and RIAC, the two most crucial ones are 1) f@babilistic choice of regionfn
R-IAC as opposed to the winner take all strategy in IAC, anthenultiresolu-
tion monitoring of learning progressn R-IAC as opposed to the only lowest
scale monitoring of IAC. The combination of these two innovations allows the
system to cope with potentially inaccurate and supernumerary region splits. |
deed, a pblem in IAC was that if for example one homogeneous region with
high learning progress was split, the wintateall strategy typically biased the
system to explore later on only one of the two subregions, which was veiy ineff
cient. Furthermore, the m® regions were split, which happened continuously
given the splitting mechanism, the smaller they became, and because only child
regions were monitored, exploration was becoming increasingly focused dn smal
er and smaller subregions of the sensorimotacspwhich was also often quite
inefficient. While the new splitting mechanism introduced in this paper allows the
system to minimize inaccurate splits, the best strategy to go around these problems
was to find a global method whose efficiency dependslonkely on the partic
lar region split mechanism. The probabilistic choice of actions makes the system
robust to the potentially unnecessary split of homogeneous regions, and the mult
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resolution scheme allows the system to be rather insensitive to Himmref an
increasing number of small regions.

1.3 The Prediction Machine: incremental regression algorithms
for learning forward and inverse models

The IAC andR-IAC system presented above anestly agnostic regarding the

kind of learning algorithm sed to implement the prediction machine, i.e. used to
learn forward models. The only property that is assumed is that learning must be
incremental, since exploration is driven by measures of the improvement of the
learnt forward models as new learning eptars are collected. But among iaer
mental algorithm, methods based on neural networks, mebasgd learningla
gorithms, or incremental statistical learning techniques could be used [43]. This
agnosticity is an interesting feature of the system sincenstitutes a single ea

thod to achieve active learning with multiple learning algorithms, i.e. with mu
tiple kinds of learning biases that can be peculiar to each application domain, as
opposed to a number of statistical active learning algorithms dessgeedically

for particular learning methods such as support vector machines, Gaussian mixture
regression, or locally weighted regression [41]. Nevertheless, what the robot will
learn eventually will obviously depend both I&¥C or R-IAC and on the capabi

ities of the prediction machine/regression algorithm for wikgd/ R-IAC drives

the collection of learning exemplars.

In robot learning, a particular important problem is to learn the forwardrand i
verse kinematics as well as the forward and inverse ndigsaof the body
[44,45,46,47]. A number of regression algorithms have been designed ad exp
rimented in this context in the robot learning literature, and because a particularly
interesting use ofAC/R-IAC is for driving exploration for the discovery tfe
robotds body, as it wildl be illustrated
was already illustrated fdAC in [27,36]), it is useful to look at statd-the-art
statistical regression methods for this kind of space. An important family of such
algorithms is locally weighted regression [45], among which Locally Weighted
Projection Regression (LWPR) has recently showed a strong ability to tearn i
crementally and efficiently forward and inverse models in ‘ighensional se-
sorimotor spaces [46,55aussian process regression has also proven to allow for
very high generalization performances [48]. Another approach, based on Gaussian
mixture regression [49,3], is based on the learning of the joint probability distrib
tion of the sensorimotor varibs, instead of learning a forward or an inverse
model, and can be used online for inferring specific forward or inverse models by
well-chosen projections of the joint density. Gaussian mixture regression (GMR)
has recently shown a number of good propertie robot motor learning in a&s

ries of realworld robotic experiments [3]. It is interesting to note that thede tec
niques come from advances in statistical learning theory, and seem to alldw signi

n

t

he
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icantly higher performances than for example approadieessed on neural
networks [50].

Because it is incremental and powerful, LWPR might be a good basic prediction
algorithm to be used in the-RRC framework for conducting robot experiments.

Yet, LWPR is also characterized by a high number of parameters g is

not straightforward and thus makes its use not optimal for repeated experiments
aboutlAC/R-IAC in various sensorimotor spaces. On the other hand, Gaussian
processes and Gaussian mixture regression have much less parameters (only one
parametefor GMR, i.e. the number of Gaussians) and are much easier to tune.
Unfortunately, they are batch methods which can be computationally eery d
manding as the dataset grows. Thus, they cannot be used directly as prediction
machines in théAC/ R-IAC framework

This is why we have developed a regression algorithm, calleedAMR (Incre-

mental Local Online Gaussian Mixture Regression) which mixes the ease of use of
GMR with the incremental memotyased approach of local learning approaches.
The general idea i® compute online local fewomponents GMM/GMR models
based on the datapoints in memory whose values in the input point dimensions are
in the vicinity of this input point. This local approach allows directly to take into
account any novel single datapdieéining exemplar added to the database since
regression is done locally and online. It can be done computationally efficiently
thanks to the use of few GMM components, and crucially thanks to the use of an
incremental approximate nearest neighbor algaritterived from recent bateh
mode approximate nearest neighbor algorithms [51,52,53]-GMR has only

two parameters: the number of components for local models, and a parameter that
defines the notion of local vicinity. Another feature of HGMR is that gven its
incremental and online nature, with a single set of parameters it can in principle
approximate and adapt efficiently to a high variety of mapping to be learnt that
may differ significantly in their length scale and might require differ. The teehni

al details and comparison of performances of the @@R algorithm will be pe-

sented in a future paper. Initial experiments to learn the forward kinematics of 6 to
10 DOF6s robotic a€rQNR (tunedwith the bptimahmo-t h a t
ber of componentand vicinity) allows to reach prediction performances inegen
ralization slightly worse than GMR (tuned with the optimal number of cemp
nents) but similar to LWPR (tuned with the experimentally optimal parameters),
the difference between LWPR and KE&MR being that ILOGMR is much easier

to tune but slower in prediction due to its only computational of local joint density
models. Yet, for the 10 DOF systems of our experiments, these prediction times
appear to be compatible with raahe control.

Learnirg forward motor models is mainly useful if it can beused for robot co-

trol, hence for inferring inverse motor models [46,48]. This brings up difficult
challenges since most robotic systems are highly redundant, which means that the
mapping from motor argets in the task space to motor commands in the
joint/articulatory space is not a function: one target may correspond to nany m

L O
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tor articulatory commands. This is why learning directly inverse models with
standards regression algorithm is bound to faitédundant robots, since when
asked to find an articulatory configuration that yields a given target configuration,
it will typically output the mean of accurate solutions which is itself not an-acc
rate solutions. Fortunately, there are various appraatchgo around this problem
[46,48], and one of them is specific to the GMM/GMR approach [50], called the
single component least square estimate (SLSE): because this approach encodes
joint distributions rather than functions, redundancies are encodee iGNM

and inverse models can be computed by projecting the joint distribution on the
corresponding output dimensions and then doing regression based onlyra the si
gle Gaussian component that gives the highest posterior probability at the given
input point.This approach is readily applicable in K&MR, which we have done

for the haneeyecloudsexperiment described below.

1.4 Self-organizing developmental trajectories withlAC and mo-
tor primitives in the Playground Experiment

In this sectionwe will presen the Playground Experiment in which it is shown
how the IAC system can drive the exploration agatthing of motor primitives by
an AIBO robot, and focus on the selfganization obehaviouraldevelopmental
trajectories of increasing complexit%n exterded presentation of these results is
available in [27].Further sections wilthen present experiments focused on the
compared efficiency dAC andR-IAC for active learning.

The Playground Experimesetupinvolves a physical robot as well as a complex
sensorimotor system and environment. We use a Sony AIBO robot which is put on
a baby play mat with various toys that can be bitten, bashed or simply viserally d
tected (see figur6é). The environment is very similar to the ones in which two or
three month lal children learn their first sensorimotor skills, although the sens
rimotor apparatus of the robot is here much more limited. We have developed a
web site which presents pictures and videos of this -upet
http//playground.csl.sony.fr/

1.4.1 Motor primitives

The robot is equipped initially witeeveral parameterizabieotor primitives that
control its fore arms and its head. Its back legs are frozen such that it cannot walk
around.There are threenotor primitives: turning the head, bashing and crouch
biting. Each of them is controlled by a number of real number parameters, which
are the action parameters that the robot controls. The ““turning head" primitive is
controlled with the pan and tilt parametefghe robot's head. The ““bashingi-pr
mitive is controlled with the strength and the angleofholeleg movement (a
lower-level automatic mechanism takes care of setting the individual motets co
trolling the legand takes care of choosing which Tegft or right is used depei

ing on the angle parame}eiThe ““crouch biting" primitive i& complex moe-


http://playground.csl.sony.fr/
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ment consisting in sequencing a crouching with the robot chest while opening the
mouth, and then closing the mouth. It@ntrolled by the depth of anghing (and

the robot crouches in the direction in which it is looking at, which is determined
by the pan and tilt parameters). To summarize, choosing an action consists in se
ting the parameters of thedsmensional continuous vectbf(t) :

M)} =(p, t bs, ba, Yl

wherep is the pan of the heatlthe tilt of the headps the strength of the baisiy
primitive, ba the angleof the bashing primitive, and the depth of the crouching
of the robot for the biting motor primitive. All values are real nurslimtween 0
and 1, plus the valuel which is a convention used for not using a motor rim
tive: for exampleM(t) =(0.3, 0.95;1, -1, 0.29) corresponds to the combination of
turning the head with parameteps0.3 andt=0.95with the biting primitivewith
the parameten=0.29 but with no bashing movement.

Fig. 6. The Playground Experiment sgt

1.4.2 Perceptual primitives

The robot is equipped with three hitgvel sensorperceptual primitivepased on
lower-level sensors. The sensagctorS(t) is thus 3dimensional:

S(t) = (Ov, Bi, 03
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where:

1 Ovis the binary value of an object visual detection sensor: It takes the
value 1 when the robot sees an object, and O in the other case. In the
playground, we use simple visual tags that we stick oray® and are
easy to detect from the age processing point of view

1 Biis the binary value of a biting sensor: It takes the value 1 when-+the r
bot has something in its mouth and 0 otherwise. We use the cheek sensor
of the AIBO;

1 Osis the binary valuefoan oscillation sensor: It takes the value 1 when
the robot detects that there is something oscillating in front of it, and O
otherwise. We use the infrad distance sensor of the AIBO to impl
ment this higHevel sensor. This sensor can detect for examyhen
there is an object that has been bashed in the direction of the robot's
gaze, but can also detect events due to human walking aroundythe pla
ground (we do not control the environment).

It is crucial to note that initially the robot knows nothialgout sensorimotorfa
fordances. For example, it does not know that the values of the object visgal dete
tion sensor are correlated with the values of its pan and tilt. It does not know that
the values of the biting or object oscillation sensors can betooméy when b

ing or bashing actions are performed towards an object. It does not know that
some objects are more prone to provokanges in the values of ti and Os
sensors when onlgertain kinds of actions are performed in their direction. It does
not know for example that to get a change in the value of the oscillation sensor,
bashing in the correct direction is not enough, because it also needs to look in the
right direction (since its oscillation sensors are on the front of its head). ®ese r
marks allow usto understand easily that a random strategy will not be efficient in
this environment. If the robot would do random action selection, in a vast majority
of cases nothing would happen (espégi@r the Bi andOssensors).

1.4.3 The sensorintor loop
The mapping that the robot has to learn is:
SM(t) = (p, t, ks, ba, d) A S(t+1) =Ovqg BigOs)

The robot is equipped with tHAC system. In this experiment, tisensorimotor

loop is rather long: when the robot chooses and executes an dotraitsithat all

its motor primitives have finished their execution, which lasts approximately one
second, before choosing the next action. This is how the internal clock f&CGhe
system is implementeid this experimentOn the one hand, this allowsethobot

to make all the measures necessary for determining adeqlaés wf(Ov, Bi,

0Os). On the other hand and most importantly, this allows the environment to come
back to its “‘resting state". This means that environment has no memory: after an
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action has been executed by the robot, all the objects are back in the same state.
For example, if the object that can be bashed has actually been bashed, then it has
stopped oscillating before the robots tries a new action. This is a deliberate choice
to havean environment with no memory: while keeping all the advantages, the
constraints and the complexity of a physical embodiment, this makes that mapping
from actions to perception learnable in a reasonable time. Thisigglcif one

wants to do mangexperments (already in this case, each experiment lasts for
nearly one day). Furthermore, introducing an environment with memory frames
the problem of the maximization of internal reward within delayed rewand rei
forcement problems, for which there exists pdwleand sophisticatetechniques

whose biases would certdirmake the results more advanced but would make it
more difficult to understand the specific impact and properties of the intrirmsic m
tivation system.

1.4.4Results

During an experiment we contiously measure a number of features which help
us characterize the dynamics of the robot's development. First, we measure the
frequency of the different kinds of actions that the robot performs in a given time
window. More precisely:
1 The percentage of ashs which do not involve the biting and thesba
hing motor primitive in the last 100 actions (i.e. the robot's action boils
down to “just looking" in a given direction).
1 The percentage of actions which involve the biting motor primitive in
the last 10@ctions.
1 The percentage of actions which involve the bashing motor primitive;

Then, we track the gaze of the robot and at each action measure if it is lapking t
wards 1) the bitable object, or 2) the bashable object, or 3) no object. This-is pos
ible sin@ from an external point of view we know where the obkjapt and so it

is easy to derive the information from the head position.

Third, we measure the evolution of the frequency of successful biting actions and
the evolution of successful bashing aetoA successful biting action is defined

as an action which provokes d" value on théi sensor (an object has actually

be bitten). A successful bashing action is defined as an action whiabkpsoan
oscillation in theDssensor.
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Fig. 7. Curves escribing a run of the Playground Experiment.
Top 3: Frequencies for certain action types on windows 100 time steps wide.

Mid 3: Frequencies of gaze direction towards certain objects in windows 200
time steps wide: “object 1" refers to the bitatigect, and “object 2" refers to
the bashable object.

Bottom 3: Frequencies of successful bite ans successful bash in windows 200
time steps wide.

Figure7 shows an example of result, showing the evolution of the three kinds of
measures on thradifferent levels. A striking feature of these curves is the éorm
tion of sequences of peaks. Each of these peaks means basically that @t the m
ment it occurs the robot is focusing its activity and its attention on a small subset
of the sensorimotor spac®o it is qualitatively different from random actionrpe
formance in which the curves would be stationary and rather flat. By looking in
details at these peaks and at thehocourence (or not) within the different kinds

of measures, we can make a desaipbf the evolution of the robot's behaviour.
On figure7, we have marked a number of such peaks witkis from A to G. We

can sedhat before the first peak, there is an initial phase during which all actions
are produced equally often, that most oftenobject is seen, and that a successful



