Learning to navigate, progress and self-evaluation

C. Giovannangeli and P. Gaussier
ETIS Lab (CNRS 8051), Cergy Pontoise University

For the last decade, we have developed a neural net-
work architecture inspired from the brain functioning,
efficient for visual navigation and imitation tasks. This
architecture involves a model of the visual system, the
hippocampus, the prefrontal cortex, the basal ganglia
and the motor cortex [2]. The use of a robot standing
for a simulation of an animal or a human provides an
efficient mean to validate our models and verify if the
global dynamics of the robot/environment interactions
corresponds to those observed by the neurobiologists
and the psychologists. As navigation is concerned, our
model enables a robot to learn visual landmarks, to as-
sociate them to their spatial properties (azimuth and
elevation) in order to build a constellation of landmarks
(a set of triplet landmark-azimuth-elevation). The ac-
tivity of the neurons recognizing such a constellation
is similar to the activity of the large place cells recor-
ded in the entorhinal cortex of the rat [10]. A set of
place-action associations, learned in one-shot creates
an attraction basin enabling our robot to go back to a
learned location or to follow an arbitrary visual path in
indoor environments [5]. The robustness of our visual
place cells has recently been optimized for outdoor en-
vironments [7], enabling the robot to achieve sensory-
motor tasks in indoor as well as in large outdoor envi-
ronments with a low computation load [8] (see fig. 1).
The behavior is also robust to kidnapping, to object
and landmark addition or removal, to the presence of

mobile obstacles and to severe visual field occlusions!.

F1G. 1 — Sensory-motor trajectory in outdoor environment. Arrows

represents the learned sensory-motor associations.

ITmovies available on

http ://www.etis.ensea.fr/ “neurocyber/Videos/homing/index.html
or on the home pages of the authors.

Fig. 2

learning session. The figure shows the trajectory during the learning

Simulation of the place-action learning during a path-

(clockwise travel). Numbers correspond to the position and the order
of the places autonomously learned by the robot. The professor first
forbids the robot to escape from the path (two laps of proscriptive
learning), and then guides the robot on the precise trajectory (several
laps of prescriptive learning). The number of learned places stops

increasing quickly.

In the context of long life learning, we are pre-
sently interested in addressing the problem of the semi-
supervised building of the attraction basin and its refi-
nement. Besides, we focus here on the capability of the
robot to learn autonomously a sensory-motor task by
imitating a human teacher [1]. Being guided by the hu-
man, the robot learns places (as illustrated by the fig.
2) and is able to compare the action associated with
the current state (here places) to the action imposed
by the teacher. A sensory-motor error between its a
priori action and the proposed action in each places
is available. For a given state, the learning progress
is defined as the difference between the learned error
and the current error. Previous works have shown how
close is the maximisation of the learning progress to
the manifestation of curiosity [9] in a completely un-
supervised context. Here, the interaction with a tea-
cher is necessary to learn the task since there is no en-
vironmental constraint that could guide the learning.
Furthermore, [9] do not raise the problem of environ-
mental changes that can lead learned associations to
become erroneous. We propose a progress-based me-
tacontroller that supervises a predictor by suspending
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F1G. 3 — Mean progress of the task during the training phase.
The curve shows the sum of the mean progress associated to all the
places which can be viewed as the learning progress of the task. After
a while, the progress does not change anymore : the learning can be

suspended.

F1G. 4 — Simulated sensory-motor trajectories after the learning
(i.e. when no more progress is expected by the robot). The crosses
on the border of the environment represents the landmarks. Most of
the trajectories converge to the precise attraction basin correspon-
ding to the learned trajectory. However, if the starting point is far
enough from the attraction area, the robot trajectory can diverge,

as illustrated by the bottom left starting point.

or triggering the adaptation. The metacontroller eva-
luate when no more progress is expected and when the
predictions are no longer carried out by means of a
progress-based novelty-habituation detector, providing
the robot to access with a self-evaluation measure (see
fig. 3). We show the learning procedure is stable and ac-
curate allowing the precise reproduction of an arbitrary
trajectory according to very few global parameters that
will be discussed in the poster (see fig. 4).

Future work will focus on the comparison of sensory-
motor strategies versus planning strategies for the lear-
ning of an arbitrary path and the control of its re-
production. In our complete biological model, neurons
in the hippocampus proper (CA1/CA3 regions) learn
and predict transitions between successive multimodal
states [6]. A cognitive map computes a latent learning
of the spatial topology of the environment [11] and can
be used to plan a sequence of actions to reach an ar-

bitrary goal [4]. The influence of our progress-based
metacontroller will be evaluated at all the level of this
architecture. We will also study how an agent can au-
tonomously detect it is not really doing what it aims
at doing (as in the case of the bottom left starting
point of fig. 4, when the robot get lost). We will won-
der how an emotional system could be used as a second
order controller [3] to adjust the shape of the attraction
basins provided by the sensory-motor or the planning
systems when the behavior becomes incorrect.
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