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Prehensile manipulation

Bimanual skills / wholdody contacts[ICRA2024 Object affordances / use of toolsCR /2024




Non- prehensile manipulation
Pushing skills

- Pushing object: coffee packet §
- Target: tip of metal stick

[RS2024

Hitting motions
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Teleoperation and shared control 52 DexROV
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Being skillful
@
Exploiting variations &
correlations in multiple
coordinate systems
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Teleoperated 1 Generation on the
manipulationtask targetedrobot

[Gao,Silvériq Pignat Calinon Li and Xiao, IEEE®RA&02]]
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Ergodic control

Tracking a distribution (instead dfracking a point)
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Ergodic control to cope with sensor and motor uncertainty

Input: Spatial distribution
Output: Control commands

Simple cost:
MatchingFourier series coefficient

Ergodicity Difference
between the timeaveraged
spatial statistics of the agent's
trajectory and the target
distributionto search in fixed weights

MSmple yet powerfulprinciple! min Z Ay (wy, — wg)?

Point tracking
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[Shetty,Silvérioand Calinon IEEE Trans. on Roboti2622
https:// ergodiccontrol.github.io(Tutorial at ICR2024)



Ergodic control  for search and exploration

Ergodic search Patterned search
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Input as a v
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https:// ergodiccontrol.github.io(Tutorial at ICR&024)



Ergodic control

Demonstration of insertion pose variations
to provide a spatial reference distribution

We evaluate the proposed approach using two different peg grasps:

Grasb #1 | Grasp #2

[Shetty,Silvérioand Calinon IEEE Trans. on Robotiz622

for manipulation with uncertain contacts
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Models built from selfgenerated data
Tensor networks Vs neuraetworks
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Fugal Al with tensor data in robotics: which tools to use?

Neural networks Vs Tensor networks
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Combining Reinforcement Learning and Tensor Networks,

School of Physics and Astronomy, University of Nottingham, Nottingham NG7 2RD.
or the Mathematics and Theoretical Physics of Quantum Non-Equilibrium Systems,

with an Application to Dynamical Large Deviations

Edward Gillman ,1’2 Dominic C. Rose ,3 and Juan P. Garrahan'*
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TensorRL-QAS: Reinforcement learning with tensor
networks for scalable quantum architecture search

Nottinoham N7 2RI Iinited Kinodam

ent of Physics
(Received 3

‘We present
olving dynan
or solving RIl
‘actor-critic W
actorizable sf
xponentially
f glasses and
nethods due t
/ast array of
hysics and td

DOI: 10.1103/H

Optimization of Functions

Given in the Tensor Train 1ele Nazareth da C

Format

blkovo Institute of Scid

Tensor-Train Networks for Learning Predictive
Modeling of Multidimensional Data
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PROTES: Probabilistic Optimization with Tensor

A. Chertkov
Skolkovo Institute of Science and Technology

G. Ryzhakov
Skolkovo Institute of Science and Technology 1

we firstly apply the

Sampling

TTOpt: A Maximum Volume Quantized Tensor
Train-based Optimization and its Application to
Reinforcement Learning

Konstantin Sozykin * T Andrei Chertkov *  Roman Schutski

Anh-Huy Phan T Andrzej Cichocki T Ivan Oseledets ¥

Abstract

= Doazacgtron, |
bdel an Anastasia Batsheva* Andrei Chertkov*
1 Qlallava Tnctitnite nf Snioneca and Toachnalaox Slallavn Tnotitiite nf Srionece and Tochnalaax

TTML: tensor trains for general supervised machine learning

Bart Vandereycken®and Rik Voorhaar*

Abstract

This work proposes a novel general-purpose estimator for supervised machine learning (ML) based on
tensor trains (TT). The estimator uses T'Ts to parametrize discretized functions, which are then optimized
using Riemannian gradient descent under the form of a tensor completion problem. Since this optimization
is sensitive to initialization, it turns out that the use of other ML estimators for initialization is crucial. This
results in a competitive, fast ML estimator with lower memory usage than many other ML estimators, like
the ones used for the initialization.

1 Introduction
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Adaptive «ill acquisition = Estimating this distribution\

Problem formulation Sill generation = Conditional sampling
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Active sampling for function approximation
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Cross approximation (skeleton decomposition) of a probability distribution: ghgtt;m Lombans  Low
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Ground truth Xy Xiw Reconstructed distribution
(rank3 approximation) X = X, X1 X,

[HhCan be used to approximate an unknown matrix with an algorierying rows
and columns of the matrixn an iterative manner, while estimating its rank

[HIn contrast to NN and GMM théirst requireto samplepointsto approximate the
function, Tensor Trains iterativelgeneratesthe required datato build the model

[Shetty,Lembong Léwand Calinon IJRR2024
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Tensor train for global optimization (TTGO)

Dr Suhan DrTeguh DrTobias
Shetty Lembono Low
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Tensor train for global optimization (TTGO)

A Generates multiple solutions
hHfaster adaptation to sudden changes

A Dataefficient alternative to
reinforcement learning

A Optimization fordiscrete and continuous
decision variables (alternative to TAMP)

A Variables stay withia boundary domain

A Easy extensions fauman-guidedlearning
(incl. LfDand scaffolding)
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