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I. INTRODUCTION

We consider combining thenon-linear dynamicalsystems’
motion representation with thactive learning paradigm as an
approach to enhance motion learning and generalization abilities i
robots. We suggest to design the learning process so that a rob
can gradually expandits generalizationcapacities by requesting
new demonstrations that extend a region of the applicability of the
learned dynamics of a motion; see FigdteTo allow for such a
learning process, we extend our previous work on learning motio
dynamics [I] with the iterative algorithm for estimating the region , . _ .
of applicability and the algorithm for estimating the consistency ﬁtgm alr'] tea'cmhgo"eme”ts in the generalization abilities of the i-Cub robot igure

. . provides additional demonstrations (in dotted red) requested by the
new demonstrations with respect to the learned model. active learning system. The growth of the sub-space where the i-Cub can accurately

In the previous work of our<l], we propose an algorithm for gccomplish the task anq put the bf:ill into the box while avoi_ding t_he ’bOX’ boun_daries,
estimating thenon-linear dynamicsof motion in thestate-space o0t SNER ) 8 (N TR YCTE Kol raactories are in biue). Note
Our system encapsulates local correlation patterns between tHa€:xpansion of the region of applicability after providing two, three, and four
motion’s variables and provides the actual temporal robustness. Tigonstrations.
dynamics learned this way has a local character due to its non-
linear form (local stability) and the limited generalization power
of the statistical inference (farther from the demonstrated data wynitively involved in the process and support the teacher through
reliability of the inferences degradesTo be efficiently applied in querying for new demonstrations and by providing the feedback
practice, the learned dynamical model requires an estimate ofdtsthose that have been acquired. We report on some preliminary
region of applicability i.e. the estimate of the boundaries of thexperiments conducted with the i-Cub robot.
invariant sub-space where all trajectories converge to the target and
where the confidence of the statistical inference allows generating Il. MODEL OVERVIEW
the relevant trajectories. The size of this region determines theThe overview of the learning process is presented in Fidure
generalization abilities of the learned representation. Here Whe details of the approach used to learn motion dynamics can be
discuss how this region can be systematically expanded throdghnd in [1]. In essence, learning consists in estimating a dynamical
additional demonstrations obtained with support of the suggesfadctioné = f (€) (€ € RY is the state of the robot’s end-effector)
active learning interface. through the encoding of the training data as a joint probability

Our approach to motion learning combines several demonstastributionP (¢, ) represented with the Gaussian Mixture Models
tions and, therefore, introduces a view on motion learning whichasd ensuring the stability of the estimate. We further briefly review
essentially different than the one, adopted in the other approacties major components of the proposed active learning interface.
to learning motion dynamics, where the authors consider learn-
ing from a single demonstratior?][ It has been acknowledged
that combining several demonstrations is advantageous for motion
learning B]. Indeed, in our case, this allows a robot to generalize
its knowledge from sub-optimal demonstrations and accurately S
reproduce the task’s trajectories, starting from any point in the e e vty
region of applicability.

However, while introducing the advantages in terms of imprové’dﬂ- 3. The problem arising while applying a SoS-based approach to estimatfiig te

. . . . . ._region of attraction (ROA) of a learned dynamics: the assumption of the polynomial
generahzanon, |eam|ng from mUIt'pIe demonstrations requ"’ﬁm of the ROAs boundaries cannot be hold in general, as the learned dynamical

more efforts from a human teacher. In addition to repeatingveéctor flow is often asymmetric around the attractor. (a) An origthabretical
motion several times, he/she should control the variability afygnamics is non-linear and locally stable. The ROA (thick blue) is symmetric and

ist f the d trati A it tt t n be estimated as a level-set of the 7-th order polynomial. (b) The dynamics
consistency o € demonstrations. As an attempt to suppor ned from the several samples (dashed lines), the reproduced vector flow (solid

human during the teaching process, we present a generic interfaee) is asymmetrical and the SoS estimate of the ROA is negligibly small. The
for robot active |eaming that allows the robot learner to becornggiimate of the ROA generated with our incremental algorithm is highlighted in
blue.

1This, however, should not be considered as a principal drawback as the noni | . . fth . f licabili fal d
linear motions demonstrated in the vicinity of manipulated objects, are not equally ncremental estimation of the region ot applicability of a learne

relevant far from these objects. dynamical representationWe define the region of applicability
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Fig. 2. Overview of the interactive learning process. In our framework learning is a bidirectional process, the direction of the information exchange betweeffigigrgul
teacher and the robot learner is presented with arrows. Different colors of the blocks on the schema represent the different stages of active learning: the green blc
the learner flow denote to threcquisitionof new knowledge andonsolidationof information; the light grey blocks in the same flow spedighavioral responsesf the

learner which aim at communicating a current level of understanding to the teacher. The dark grey blocks in the teacher flow retataffialding processn which

the teacher estimates the learned model and provides additional demonstrations to improve performance.
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as the region of attraction (ROA) of a learned dynamics with an ® °
additional constraint that the likelihood of the points inside this 0 0
region with respect to the learned model should exceed a given 2, 2
threshold. > : >
However recently the Sum-of-Square optimization methods o s
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(SoS) have been intensively applied to estimating the ROA of non-
linear systems/4], application of these methods to the motion

dynamics learned from the human demonstrations is associated
with some difficulties; see Figui@ Here we develop an iterative Fig. 4. An example of expanding the region of applicability of the leafigdre

. . . . . dynamics with the support of the suggested active learning algorithm (the demon-
.comput-atlonal approa}ch to estmatmg the ROA; see Figlfer strations are generated from a given theoretical dynamical system.) The initial
illustration and the brief explanation.

model is learned from two demonstrations. The active learning system then starts
Assessing the consistency of a new demonstration with resggggesting the human teacher the new starting positions for demonstrations. The

. . . andidate points are those that lie outside of the current region of attraction and
to the learned modelFor efficient Ieammg the demonStratechave the maximum likelihood with respect to the current learned model. The

data should represent a consistent pattern, however, among ré§@n of applicability gradually expands once a user adds demonstrations. Here we
demonstrations provided by the human teacher outlier trajec%oriégvelop an iterative computational approach to estimating the ROA. The general idea

. . - . . ists in covering the volume containing demonstrated trajectories with a mesh
are inevitable even if a task is demonstrated by an eXpe”enéﬁ%@Sgradually expanding this mesh depending on whether a trajectory starting from

user. To endow the robot with an ability to check the validity of & particular node converges to the origin. The convergence is verified by forward
new demonstration and, if necessary, to discard it, we integrateiriggration of the trajectories starting at the nodes of the mesh. The verification of

. . . . A in stability on the boundaries of the region of attraction is sufficient to guarantee the
algorithm fc.)r estimating théearner variance SIr?ﬂIlfil’ t‘? o). The stability inside. This property also allows to decrease the computational load: the
learner variance controls an error of the statistical inference, ic8mplete forward integration of trajectories is only required to get the first estimate

an average statistical error of an estiméte f({) in comparison of t_he region of applicability; further, dgring the expansion, thg algorithm on[y
verifies the convergence of the trajectories towards the boundaries of the previous

with an actual Unk.nOW.n valug = f(f) Therefore, before quing estimate of the ROA. This allows to apply the algorithm to real-time interactive
a new demonstration into the training set, the robot verifies hdwarning.
this demonstration will affect the inference accuracy of the already
existing model. If the estimated variance of the learned model _ o
increases above a given threshold (which means the decreasénRfoving the generalization abilities of the robot, that are of the
the accuracy) the robot queries the teacher whether he/she prefgportant concem in the state-of-the-art Learning from Demonstra-
to keep the demonstration or it may be discarded. tion. The results obtained so far, though being promising, are still
preliminary and require additional experiments with unexperienced
. RESULTS AND CONCLUSION users. We also planning to consider another alternatives of the
To validate the performance of our interface, we conducted twonstructive active learning to choose the regions to be queried
experiments: (1) the i-Cub should have learned to put the ball irfty demonstrations.
the box; see Figurd. (2) The ping-pong task, where the robot A
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2The trajectories exhibiting the shape different than other demonstrations in the
dataset or following a distorted velocity profile.

3The expected average output variance of the learned model
stration would be added into the training set



