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Teaching Through Interactions

= Continued student-teacher interaction

= Additional demonstrations
= |ntermittent feedback

« More & more in robot learning

= Benefits
= Speed-up
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= Complex tasks
= |ntuitive
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Interactive Imitation Learning
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COrrective Advice Communicated by Humans (COACH)
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Celemin & Ruiz Del Solar, JIRS 2018



Deep COACH - Online
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Pérez, Celemin, Ruiz-del-Solar, & Kober, ICRA 2019
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Interactive Learning of Stiffness and Attractors (ILoSA)

a) Kinesthetic Demonstration (b) Interactive Correction

= Execution
" Learning from feedback
— Correction Feedback

/\\S\f“ GP Attractor Learning
GP Stiffness Learning

4\/ Stabilization Field

—— Demonstration

N\n GP Attractor

GP Stiffness
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Franzese, Mészaros, Peternel, & Kober, IROS 2021
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Interactive Learning of Stiffness and Attractors (ILoSA)
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Franzese, Mészaros, Peternel, & Kober, IROS 2021
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Resolving Ambiguities
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Franzese, Celemin, & Kober, CoRL2020
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WHEN THE BOXES

ARE SWAPPED. AN

AMBIGITY IS

DETECTED. THE

’ ROBOT ASKS FOR

/ FEEDBACK. AND THE

& . PUSH IN THE RIGHT
| / DIRECTION SOLVES

I THE AMBIGUITY.
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NASA-TLX
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Interactive Reinforcement Learning
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Example: Ball-in-a-Cup

Human

Photo: Axel Griesch

35 trials ?7? trials
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IL + RL: Sequential

| o I . |
' COACH f | | Policy lLBSHurbation |
I i \l/
I Il| I Sca]'ﬂh | :
init | L A,L ' | gfinal
v ."Cf »  roll-out Q H| roll-out e
| I =
| I I
: ; : parameter |
| I update :
Lo e e e e e e - - L
“
TUDelft

Celemin, Maeda, Ruiz-del-Solar, Peters, & Kober, |IJRR 2019



IL. + RL: Simultaneous

exploration

perturbation

I COACH+F

A" | :
Hinit: g final
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| ) |
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Celemin, Maeda, Ruiz-del-Solar, Peters, & Kober, |IJRR 2019



Policy Search

1: repeat
2: Explore: first roll-out with the current policy 7y,
un = TU[‘E':]
3: form=1...M do
4:
5:
6:
7
8: (Wit PS_exploration(w!*l)
9: RunRollOut([w,]t)
10: Evaluate: cost of each roll-out
[Bmlt = o1 + ZtT:D 'rt[m]
11: Update: Compute new policy parameters using

w1l Update([wp]i, [Rm]t)
12: until Policy converges 7311 ~ g

]
TUDelft

Celemin, Maeda, Ruiz-del-Solar, Peters, & Kober, |IJRR 2019
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Results

Learning from scratch
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Celemin, Maeda, Ruiz-del-Solar, Peters, & Kober, |IJRR 2019



Putting It All Togethei
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Feedback: when and how?

epistemic uncert.

I don't know
what to do

I'm confused
about what to do

What you're
doing is
good/bad!

QLIS

environment
Celemin & Kober, NCA 2023



During
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Il @ o | =2 ‘

Ll

Celemin & Kober, NCA 2023



After

learning
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Conclusion
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and even more challenges...

« What to unlearn?

= Multiple strategies

= Transfer or not?

= Emphasized demonstrations
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Summary

= Teaching through interactions
= Speed up robot learning
« Complimentary strengths & weaknesses
= Combine with other methods

= How do humans like to teach?
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