oY) JEFIRTL IR KRS

BEITHANG UNIVERSITY

LITERATURE READING

Glider soaring via reinforcement learning in the field
Nature 2018.

Learning to soar in turbulent environments

Proceedings of the National Academy of Sciences 2016.

Jinjie LI

School of Automation Science and Electrical Engineering
Beihang University

March. 26, 2021




QOutline

U Background
1 Challenge
[ Solutions

1 Discussion
L My idea

U Top journals and conferences in the field of robotics



QOutline

U Background
1 Challenge
[ Solutions

1 Discussion
L My idea

U Top journals and conferences in the field of robotics



Background

/ 16 Applications and Case Studies 421

/ 16.1 TD-Gammon . . . . . . . . . . 421

16.2 Samuel’s Checkers Player . . . . . . . ... ... oL 426

16.3 Watson’s Daily-Double Wagering . . . . . . .. .. .. ... ... .. ... 429

Reinforcemeént 16.4 Optimizing Memory Control . . . . . . . .. .. .. ... .. ... ... .. 432
Learning | 16.5 Human-level Video Game Play . . . . . .. .. .. .. ... ... .. ... 436
R 16.6 Mastering the Gameof Go. . . . . . . . .. .. .. . ... ... .. ... . 441
has";“ T 16.6.1 AlphaGo . . . . . . . . . . .. 444
16.6.2 AlphaGo Zero. . . . . . . . . . . .. 447

16.7 Personalized Web Services . . . . . . . . .. ..o 450

16.8 Thermal Soaring . . . . . . .. . . . .. .. ... . 453

Learning to soar in turbulent environments i

Gautam Reddy?, Antonio Celani®, Terrence J. Sejnowski“®', and Massimo Vergassola®
3Department of Physics, University of California, San Diego, La Jolla, CA 92093; °The Abdus Salam International Center for Theoretical Physics, 1-34014
Trieste, Italy; ‘Howard Hughes Medical Institute, The Salk Institute for Biological Studies, La Jolla, CA 92037; and “Division of Biological Sciences, University
‘ of California, San Diego, La Jolla, CA 92093
o~
‘. Contributed by Terrence J. Sejnowski, April 28, 2016 (ser
" Birds and gliders exploit warm, rising atmospheric c | E | | E R
~ to reach heights comparable to low-lying clouds
—

expenditure of energy. This strategy of flight (th https://doi.org/10.1038/s41586-018-0533-0
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O SARSA. X&IENG?

Soaring birds often rely on ascending thermal plumes (thermals)  is unrealistic, or have applied learning methods in highly simplified
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Sarsa (on-policy TD control) for estimating Q = g.
== ML )
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Solution

Markov Process: State, Action, Reward (I iTFEANA)
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Challenge
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Markov Process: State, Action, Reward (I iTFEANA)
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Solution

Markov Process: State, Action, Reward (I iTFEANA)
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Discussion

Q mgE
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My idea
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Specifications

J. Rothe, M. Strohmeier and S. Montenegro, "A concept for catching Drone Catcher: https:/ /dronecatcher.nl/#
drones with a net carried by cooperative UAVs," 2019 IEEE International

Symposium on Safety, Security, and Rescue Robotics (SSRR), Wiirzburg, . e oo

Germany, 2019, pp. 126-132, doi: 10.1109/SSRR.2019.8848973. 2. K. kFiE: SHFE400m
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Automated tracking without
operator input




[+~ . L3
A
'y
4 - . L
e 5 i L}
| a . [0
(

™

L
;}f&t .
e

- g I | Smithsonian 3
* ) CHANNEL 7}




QOutline

U Background
1 Challenge
[ Solutions

1 Discussion
L My idea

U Top journals and conferences in the field of robotics

22



Top journals and conferences in the field of robotics
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Journals:
B Nature, Science, PNAS
B Science Robotics
B [JRR (International Journal of Robotics Research)
B TR-O (IEEE Transactions on Robotics)

Conferences:
B RSS (Robotics: Science and Systems)
B CoRL (Conference on Robot Learning) /JNAR
B [CRA & IROS, BEAST
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Thanks for your attention!
Q&A
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