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Who should help whom?
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Who should teach whom?
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Supervised Learning

Teacher demonstrates skill, student tries to mimic

testmyprep.com

Reinforcement Learnlng

* Practice, practice, practice...
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What Makes Tasks Hard? S

« Complex dynamics

* Uncertainties and variations
— Objects
— Environment
— Tasks
— Human behaviour

» Occurring in all robot domains!
1,:;UDeIft Learning Interactions




How to Learn?

« Continued student-teacher

Interaction
— Additional demonstrations
— Intermittent feedback

+ Largely missing in robot learning!

* Benefits
— Speed-up
— Complex tasks
— Intuitive

karinprinsloo.com

Learning Through
Interactions

brainbalancecenters.com
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Imitation Learning

o

a) Demonstration 1 b) Demonstration 2 ¢) Generalization 1

- Combinatorial explosion
* Force — Position? Position — Force?

I

a) Demonstration b) Generalization
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Kinesthetic
teaching

Skill
reproduction

Kober, Gienger, & Steil, ICRA 2015
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Primitives within a Seguence

Kober, Gienger, & Steil, ICRA 2015
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Primitives within a Seguence

Score per MP/frame/component/modality based on statistics & contact
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Reinforcement Learning

Sutton & Barto 1998
Sstates
S1:7+1

actions
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rewards
ry.T
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'If';U Delft Obijective: maximize expected return J(0)
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The first arm posture

Zhu, Gienger & Kober, RA-L 2022



rotate box 180 degrees

counterclockwise

van der Spaa

Van der Spaa, Gienger, Bates & Kober, ICRA 2020



Planning for Ergonomic Poses
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Interactive Learning

Environment
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Celemin & Ruiz Del Solar, JIRS 2018
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Deep COACH - Offline
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Pérez, Celemin Paez, Ruiz-del-Solar, & Kober, ICRA 2019
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Deep COACH - Online
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Carlos Celemin
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Deep COACH - Memory

Transition Model

h
O¢ Encoder —*:JL Decoder
| A

hewL_a

O¢ Policy at

Pérez, Celemin Paez, Franzese, Ruiz-del-Solar, & Kober, RAM 2020
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Simultaneous Policy and Model Learning using D- COACH and SRL
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Feedback in State-Space

Jauhri, Celemin Paez, & Kober, CoRL2020

action:

v direct

£ high-dim

£ non-intuitive

state:

Z needs inverse
model
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Anna Mészaros
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Interactive Learning of Stiffness
and Attractors (ILoSA)

a) Kinesthetic Demonstration b) Interactive Correction

= Execution
** Learning from feedback
— Correction Feedback
GP Attractor Learning

GP Stiffness Learning
\/ stabilization Field

—— Demonstration
GP Attractor
—— @GP Stiffness
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Learned Trajectory
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Resolving Ambiguities

Carlos Celemin
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Task 1:
Fruit
sorting
in

crates




NASA-TLX
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Interactive
Reinforcement
“Learning
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IL + RL: Sequential

Qiﬂ.it '
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Celemin, Maeda, Ruiz-del Solar, Peters, & Kober, IJRR 2019
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IL + RL: Simultaneous

 COACH+PS l .

ginit : 'Q

Celemin, Maeda, Ruiz-del Solar, Peters, & Kober, IJRR 2019
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Reinforcement Learning:
Exploration & Human Advice

Sutton & Barto 1998

Sstates
S1:T+1

actions
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exploration
€

-l’-‘u Delft Model human advice as exploration
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Interactive Policy Search

Algorithm 4 Policy Search with Simultaneous Human
Guidance.

oBe o1 Oy WA B W

10

11:

1. repeat
2

Explore: first roll-out with the current policy
uy = w[k]
for m = 1.. 1M do
if HumanGuidance==True do
W]t ¢+ RunRollOutcoacn([wmli)
]wm—l-lll 4= [wm]T
else
[wim]t + PS exploration(w!l)
RunRollOut([wm]t)
Evaluate: cost of each roll-out
[Bmli = ér + Z;F:D Tulrm]
Update: Compute new policy parameters using

w1« Update([wpn]i. [Bm]:)

12: until Policy converges 711 = mx
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Celemin, Maeda, Ruiz-del Solar, Peters, & Kober, IJRR 2019
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Results

Learning from scratch

\ — P
0.8 Interactive PS

onby COACH

0.6

04 r

-0.6

-0.8

_1 Il ] i -
4] 20 40 60 80 100
Number of Roll-Outs

Celemin, Maeda, Ruiz-del Solar, Peters, & Kober, IJRR 2019 45



Walt Disney Studios — Real Steel
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Conclusion
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Conclusion

* Programming —
Teaching

* Learning from Teachers
+ Self-learning

* Need to understand
Environment & Humans
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Conclusion

- Big data
— Unlabeled data = cheap
— Annotated data = expensive

— Real world interaction =
extremely expensive

 Tractability through

— Combining learning/teaching
paradigms

— Prior knowledge
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Questions?

J].kober@tudelft.nl

www.jenskober.de
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