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T Can an agent learn to use any sensorimotor
cascade (set of sensors and actuators) from scratch,
with no prior information about them?
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In robotics, like all engineering, there Is a constant tension between:

maximum effort
available.
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T 7KH DJHQW PXVW REWDLQ D PRGHO RI LWV RZQ ERG\ BW@Mfd” XVH WKH (sensor #2)
model to perform a useful task.
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Our approach

Aiming for

with the
minimum effort

we design methods that rely on very precise models of sensors and

actuators.
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we should focus on methods that obtain satisfactory results
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Necessary invariance properties

of bootstrapping agents

What does it mean that an
agent uses “uninterpreted”
observations and commands?

The uncertain semantics of observations and
commands Is represented by group actions
acting on the signals (diffeomorphisms, per -

I 'H VKRZ WKDW WKLV FDQ HmHalieng, b dhat change the representa -
LIHG E\ SRVLWLQJ WKH H[LMVYHR@ preserve the information.

representation nuisances that
act on the data, and which must be
tolerated by an agent.

T The classes of nuisances toler
ated indirectly encode the as -
sumptions of the agents.

+ 7 KH behavior of an optimal
agent must be invariant to the
representation nuisances.

To appear in
ICDL 2011.
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An optimal agent must compensate those
nuisances, as they do not change observabil
ity and controllability of the system.

I High dimensionality Rl WKH GDWD ¥ Behaviorally-relevant state/features | |
aim for processing raw sensory streams. often not directly observable. T 2EWDLQ formal resuttse T 6 WIKttesic tasks  that are
style of control theory. iIndependent of the sensors and
/KLY PDNHV PRVW WHFKQLTXHYV I URP PDFKLQH actuators (e.g., “servoing”).
f +LJK O\ nonlinear nuisancesrrupt- learning not applicable.
ing the data (e.g., diffeomorphism, per- Creating stateful representations
mutations). IS a major challenge of bootstrapping. f "HVLIJQ PHWKRGV LPSOHRWIQM)DEEEDWMK R GV WKDW Z
with slow computing and bio - wide range of sensorimotor cas
1G WRZDUGNK WKEDDNHHIWFODVVLEDO WHEF KGL?B(WV UH JLYHV D SURRBG60ORI H[LVWHQ F bplaysiko®B wwmputation. cades, parameter-free.
system identification not applicable. lution exists which uses simple and
slow computation.
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Is bootstrapping equivalent
DEOH URERW) to the full Al problem?
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bootstrapping problem does display

some of the attributes of intelligence,

this would be closer to “animal intelli -
gence’ rather than human-level Al.
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Bootstrapping bilinear models
of robotic sensorimotor cascades

Can we find a
unified representation
of sensorimotor cascades?

We use bilinear dynamics sensors (BDS) as a
general representation for sensorimotor cas -

cades.
S — S vui
t :H FRQVLGHU VHQVRULPRWRU FDVFDGRHRWN\Y
composed“by om_rudl”rectlonal Kinematics A system with n observations and k commands
and three “canonical” exteroceptive is represented by k tensors of size (n,n).

sensors: field samplers, range -

finders, and cameras.
tensors learned for camera
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T :H GHVLJQ DQ DJHQW WKDW FDQ OHDUQ VXFK
models and use them for solving the same tensors learned for field sampler
task (servoing) for any sensor.

T :H VWiKmear dynamics
systems as generic approximators for
such cascades.
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trol theory perspective, with the aim of
obtaining strong theoretical results.

tensors learned for range-finder
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But isn’t bootstrapping also...?
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level sensorimotor interaction, that we believe
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Towards more efficient models
(bilinear gradient dynamics)

= %,' 6 PRGHOV V W X G L R\g abddm¥ildt observations are functions on a manifold
ICRA11 paper) have quadratic (e.g. visual sphere), and the dynamics, bilinear in the

complexity in the number of gradient and commands, is parametrized by two tensors
sensels. G and B

 %%'6 PRGHOV DUH D VXEFOYPWELE(S) ay(s,)+Bi(s)u'()

which the dynamics depend
on the gradient  of the observa
tions.

This model allows learning with a computational costs
linear in the number of sensels.

t $VVXPSWLRQV YHULILHG IR UEXgRPle for camera data
three “canonical” sensors (camera,
range-finder, field sampler).

+t 7KLV PDNHV LW SRVVLEOH WR IHHG WKL,
model the raw sensory streams |
from real robotic platforms and
use massively parallel and

slow computing.

camera frame a slice of the tensor G

Task: detect extraneous objects based on learned model.
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