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We start from uninterpreted streams of observations and commands. .
The problem Which one is the camera and which one is the range-finder?
Uninterpreted
. Can an agent learn to use any sensorimotor commands Time =
cascade (set of sensors and actuators) from scratch, uninterpreted uninterpreted Uninterpreted
with no prior information about them? observations commands observations

We call this problem “bootstrapping”. (sensor #1)

» The agent “wakes up” connected to streams of uninter- unknown external unknown =
preted observations and uninterpreted commands. sensor(s) world actuator(s) Uninterpreted — R
. . observations — A,
» The agent must obtain a model of its own body, and use the “world” (sensor #2) —— e =
model to perform a useful task. — — = — :

Motivation Major challenges Our approach

In robotics, like all engineering, there is a constant tension between: . High dimensionality of the data; we . Behaviorally-relevant state/features
| aim for processing raw sensory streams. often not directly observable. e Obtain formal results in the .- Study intrinsic tasks that are
Getting the best results Aiming for style of control theory. independent of the Sensors and
possible with the 4 > satistactory results This makes most techniques from machine actuators (e.g., “servoing”).
maximum effort with the » Highly nonlinear nuisances corrupt- learning not applicable.
available. minimum effort. ing the data (e.g., diffeomorphism, per- Creating statetul representations
mutations). 1s a major challenge of bootstrapping.  Design methods implementable -Dgsign met};ods that work for a
with slow computing and bio- wide range of sensorimotor cas-
. Currenﬂy, robotics research 1s quite unbalanced towards the left; This makes classical techniques of « Nature gives a pI'OOf of existence that a so- plausible computation. cades, parameter—free.
we design methods that rely on very precise models of sensors and system identification not applicable. lution exists which uses simple and
actuators. | slow computation.

« However, it is unrealistic to rely on accurate modeling of complex

systems; models change and fail, and this makes systems unreliable.

Is bootstrapping equivalent But isn’t bootstrapping also...?

- Eventually, we will realize that to obtain reliable robots to the full AI problem? | —_ . .
we should focus on methods that obtain satistactory results I | ’ . a N - Yes! It 154 huge. p.roblem Wlth many different as-
minimizing the prior information requirements. Hopefully not! 9 A & » . R pects to 1t, and 1t Is at the intersection of many

While an agent that could solve the | ’ ‘X - € ™ f _em scientific communities.
» Bootstrapping is what we obtain when we take this principle to the bootstrapping problem does display | - T

. R | R 0 I We are focusi f lated to ]

extreme: can we design behaviors with absolutely zero prior infor- some of the attributes of intelligence, ') ' E e are focusing on a few aspects related to low-
mation? this would be closer to “animal intelli- T2 "> S U o e - leve! sensorimotor 1nteract%on,.that WE beheye

gence” rather than human-level Al = ready for a rigorous formalization and solution.

Necessary invariance properties Bootstrapping bilinear models Towards more efficient models
of robotic sensorimotor cascades (bilinear gradient dynamics)

of bootstrapping agents

Can we find a
unified representation

« BDS models (studied in the

: , We assume that observations are functions on a manifold
ICRA’11 paper) have quadratic

What does it mean that an We use bilinear dynamics sensors (BDS) as a

agent uses “uninterpreted” The uncertain semantics of observations and of sensorimotor cascades? general representation for sensorimotor cas- Py (e.g. visual sphere), and the dynamaics, bilinear in the
observations and commands? commands is represented by group actions ' cades. | complexity in the number of gradient and commands, is parametrized by two tensors
acting on the signals (dijfeomorphisms, per-  We consider sensorimotor cascades Y- =My u’ sensels. G and B:
« We show that this can be formal- mutations, etc.) that change the representa- 1b : 1ioactional ki G . . , U(s,t) = (G4(s)Vay(s,t) + B;(s))u'(t)
ized by positing the existence of tion but preserve the information. COMPOSEE DY OTNICITEC IO KIIETA 1ES A system with n observations and k commands « BGDS models are a subclass in ’ ? ’
representation nuisances that and three “canonical” exteroceptive is represented by k tensors of size (n,n). which the dynamics depend . . . .
e d 3 which sensors: field samplers, range- on the gradient of the observa- This model allows learning with a computational costs
act on the data, and which must be y finders, and cameras. tions. linear in the number OfSGTlSBlS.
tolerated by an agent. eroup nuisance GV GY group nuisance tensors learned for camera

on observations on commands e .
 The classes of nuisances tolep l y l « We study blhne?lr dynamlcs \ . Assumptions verified for the Example for camera data
ated indirectlv encode the as- X & systems as generic approximators for three “canonical” sensors (camera,
: 2 such cascades. range-finder, field sampler)
sumptions of the agents. h ) °
— ] — — « We design an agent that can learn such - . This makes it possible to feed the
e The behavior of an optimal . | unknown xternal - - P
agent must be invariant to the E world inol??ls anq us)efthem for solving the same tensors learned for field sampler model the raw sensory streams
. . : : ask (servoing) for any sensor. N NE . :
representation nuisances. | T “world” i : \ \ flrso emnfzelilsli'?rz(l);;gi'aﬁféfl as If(llld camera frame a slice of the tensor G
« We approach the problem from a con- & \ slow computing.
, trol theory perspective, with the aim of \ Task: detect extraneous objects based on learned model.
o o . | . § L9
An optimal agent must compensate those obtaining strong theoretical results. ) | :
nuisances, as they do not change observabil- tensors learned for range-finder ; ’ /
ity and controllability of the system. [ .
\ o
-
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