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Prehensile manipulation

Bimanual skills / whole-body contacts [ICRA’2024] Object affordances / use of tools [ICRA’2024]




Non—pvwkwsilw manipulation
Pushing skills

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

[IEEE RA-L 2023] [ICLR’2024] [IROS’2023] [IJRR 204, conditionally accepted]

Box pulling and pivoting Washing/cleaning Hitting skills
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[RSS'2024] [arXiv 2024] Winner of Air Hockey Challenge, NeurlPS’2023
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- What works for symbolic tasks might not work for embodied movements!

- We know how to play go with machines but robots can’t skillfully move go stones!
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Learning as a

scaffolding process
Machine teaching

Active learning
Curriculum learning

Interaction

\ . /

Learning by self-refinement
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Mimicking the actions of User 1 Mimicking the actions of User 2

Emulating the goals of User 1 Emulating the goals of User 2

Exploring with feedbacks from User 2
A

Exploring with scaffolds from User 2

Exploring with feedbacks from User 1

Exploring with scaffolds from User 1

Skill acquisition by exploiting multiple learning strategies

[Kulak and Calinon, IEEE Trans. on Cognitive and Developmental Systems, 2023]
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. Models built from self-generated data
Tensor networks Vs neural networks




Combining envivonment scaffolding and policy demonstvations

/ Cost function as a distribution
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Policy variable Policy variable
Actions, motions, / Adaptive skill acquisition = Estimating this distribution

controllers behaviors Skill generation = Conditional sampling

[Shetty, Lembono, Low and Calinon, IJRR, 2024]
(Best article award, IEEE RAS TC OptRob)



Achive data sampling for low-vank factorization C’u_ucl
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Dr Suhan Shetty

Cross approximation (skeleton decomposition) of a probability distribution:
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Reconstructed distribution
(rank 3 approximation)
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— Can be used to approximate an unknown matrix with an algorithm querying rows
and columns of the matrix in an iterative manner, while estimating its rank

— In contrast to NN and GMM that first require to sample points to approximate the
function, Tensor Trains recursively generates the required data to build the model

[Shetty, Lembono, Low and Calinon, IJRR, 2024]

(Best article award, IEEE RAS TC OptRob)



10

Tensor tvain for global optimization (TTG0) C':mcw”
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Dr Suhan Shetty

For 2D decision variables: For nD decision variables:
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[Shetty, Lembono, Low and Calinon, IJRR, 2024]
(Best article award, IEEE RAS TC OptRob)



Tensor tvain for global optimization CTTC?O)

* Generates multiple solutions
- faster adaptation to sudden changes

* Data-efficient alternative to
reinforcement learning

e Optimization for discrete and continuous
decision variables (alternative to TAMP)

e Variables stay within a boundary domain

* Easy extensions to human-guided learning
(incl. LfD and scaffolding)

@ target
obstacle

Inverse kinematics

Number of samples

(success rate) 1 10 100 1000
TTGO 94.00% | 98.00% | 98.00% | 99.00%
Uniform 37.75% | 45.50% | 59.25% | 75.00%
Target reaching Number of samples
(success rate) 1 10 100 1000
TTGO 62.00% | 86.00% | 86.00% | 88.00%
Uniform 19.25% | 28.75% | 41.00% | 53.50%
Pick-and-place Number of samples
(success rate) 1 10 100 1000
TTGO 70.00% | 81.00% | 79.00% | 89.00%
Uniform 23.75% | 30.25% | 39.5% | 44.25%

memmo

Dr Suhan Shetty

[Shetty, Lembono, Low and Calinon, IJRR, 2024]

(Best article award, IEEE RAS TC OptRob)
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Fmgo\l Al with fensor data in vobotics: which tools +o usef

O Backfed Input Cell

~ Input Cell

A Noisy Input Cell

@ Hidden Cell

@© Probablistic Hidden Cell

@ spiking Hidden Cell

@ outputcel

. Match Input Output Cell
. Recurrent Cell

. Memory Cell

. Different Memaory Cell

 Kernel

QO Convolution or Pool

Markov Chain (MC)

Deep Convolutional Network (DCN)
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Generative Adversarial Network (GAN)
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Deep Residual Network (DRN)
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Neural networks

Recurrent Neural Network (RNN)
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Auto Encoder (AE)

Deconvolutional Network (DN)

Liquid State Machine (LSM)  Extreme Learning Machine (ELM)

0 A

Kohonen Network (KN) ~ Support Vector Machine (SYM)  Neural Turing Machine (NTM)
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Figure from: Fjodor van Veen, Asimov institu

Variational AE (VAE)

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
R~ e IR~ AN

XA
()

Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM)
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Denoising AE (DAE)

|><|><|><|><|

Y

Sparse AE (SAE)

Deep Belief Network (DBN)
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Deep Convolutional Inverse Graphics Network (DCIGN)
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Echo State Network (ESN)
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Tensor networks
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Matrix factorization:

" Canonical polyadic (CP)
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Extension to tensor factorization
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Figure from: Andrzej CICHOCKI (2014), Era of Big Data Processing: A New Approach via
Tensor Networks and Tensor Decompositions



Ergodic control
Learning for control Vs control for learning



EvgoAic contvol for search and explovation

Ergodic search Patterned search

Input as distribution
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[Shetty, Silvério and Calinon, IEEE Trans. on Robotics, 2022]
https://ergodiccontrol.github.io (Tutorial at ICRA’2024)



Brgodic contvol to handle uncertainty
Sesto’c’senso
Ergodic control as search behavior P } =
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Point tracking

We evaluate the proposed approach using two different peg grasps:

Grasp #1 Grasp #2

Demonstration of insertion pose variations
to provide a spatial reference distribution [Shetty, Silvério and Calinon, IEEE Trans. on Robotics, 2022]
https://ergodiccontrol.github.io (Tutorial at ICRA’2024)



’/\ free motion
(far from plane)

orientation

~
/ corrected r

Geometry-informed models
Object-centric, distances and manifold representations
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Task-parameterized representation of movements

[Pignat and Calinon, RAS, 2017]

17
X

2 DexROV

https://dexrov.eu
EC, H2020 (2015-2018)

Remote robot side
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Teleoperator side (VR)
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[Birk et al., IEEE RAM, 2018 ]
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Teleoperated I  Generation on the
manipulation task targeted robot

[Gao, Silvério, Pignat, Calinon, Li and Xiao, RA-L, 2021 ]
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Robot learning guided by geometvy S MNTELLITTIAT [Sesm‘i‘sensol
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Dictionary of candidate manifolds to represent the skill: Distance fields and coordinate fields:

Signed distance field (SDF)
[Mari¢ et al., IEEE RA-L 2024]

Robot distance field (RDF)
[Li et al., ICRA’2024]

Outstanding Paper
Award Finalist at RSS’24

Inverse Geodesic
kinematics Shooting

Configuration distance field (CDF)
[Ti, Razmjoo, Gao, Zhao and Calinon, RAS, 2023] [Li et al., RSS'2024]

Ante Mari¢ Yiming Li
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Tvansfer of skille between diffevent kinematic chains
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Screw-low

Dr Noémie Jaquier

Exploited dataset:

[Maurice, Malaisé, Amiot,
Paris, Richard, Rochel and Ivaldi
(2019), Human movement and
ergonomics: An industry
oriented dataset for
collaborative robotics, |JRR]

Screw-middle

Transfer of manipulation skills
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| ‘esired end-effector
) d position

Desired manipulability @i Current manipulability

Manipulability ellipsoids as task
descriptor: M (q) = J(q)J(q)'
qo - Directions in which

velocity/acceleration/force
q1 can best reject perturbations

Manipulability transfer

[Jaquier, Rozo, Caldwell and Calinon, IJRR, 2021] [Jaquier, Rozo and Calinon, IROS’2020]
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GCeometric Algwbm to learn manipulation skills

X M o X4 ~ ¢ —> Datapoints representing Tobias Low
° . v X orientations/spheres/planes/lines
X X — Compact computer codes with single function

working for all these geometric objects
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between different algebra

KGAFRO - Geometric Algebra For RObotics )

/ Toolbox for efficient learning and control in
2 robotics using conformal geometric algebra
~N
. L]
. https://gitlab.com/gafro/
—\_ \ Subgroups and projects  Shared projects  Inactive
B G O B o targeting rabotics spot
P()illt tl'ﬂ('ki]lg PI‘AI)(‘ tl'il('killg_’; ()l)ti()ll p()illt 1 P()illtillg_‘) An efficient c++ library targeting robotics applications using geometric algebra
g G gafro_benchmarks &
Benchmarks for the gafro library compared to other robot kinematics and dynamics libraries
4 fro_
) U] G ?xaavl;\ciﬂf:al:‘llﬁl::d!?l'hrary
(0 G ogafro_robot_descriptions &
fro_
U] G ggsrjlstzizzﬁm and URDF conversion for the gafro library
o 0 G gitlab-profile &
fro &
p K a P Eg:mr:m algebra library targeted towards robotics applications /
Line tracking Circle tracking Option Point 2 Constraints

[LOw and Calinon, IEEE Transactions on Robotics, 2023]
[Low and Calinon, IEEE Robotics & Automation Magazine, 2024]



Summary

’/\ free motion

(far from plane)

orientation
/ corrected

r
—t

o

Tensor trains can build models by actively sampling
data, while allowing human-in-the-loop learning

In ergodic control, the targets to reach take the form of
distributions > a good fit for sparse data and low-tech

Manipulation skills acquisition can be facilitated by
using object-centric and geometric representations
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