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ABSTRACT

In disaster scenarios, ongoing research seeks to swiftly restore disrupted networks using unmanned aerial
vehicles (UAVs) when conventional wired and wireless infrastructures falter. Current research predominantly
relies on online reinforcement learning, wherein UAVs acquire behavioral policies through real-time interactions.
However, network restoration in three-dimensional spaces presents formidable challenges due to the scarcity of
reward signals in low-probability success scenarios, rendering traditional reinforcement learning approaches less

effective. To address these challenges, this paper proposes an approach that integrates Long short-term memory
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(LSTM) into offline reinforcement learning, utilizing a fixed pre-collected dataset to enable safe policy learning

without direct real-world interaction. The LSTM’s capability to assign rewards to action sequences contributing

to success facilitates smoother policy development even within sparse reward environments. Empirical simulation

experiments confirm the effectiveness of our method in enabling UAVs to efficiently recover partial network

loss.
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Appendix
E AL 97 99 Azd A
Table A1. System specification of the research
CPU ADM Ryzen 9 5900X 12-Core
GPU NVIDIA GeForce GTX 1660 SUPER
RAM 128G
SSD 500GB
E A2, @l A e A R
Table A2. Neural network node and layer of algorithm
LSTM LSTM
Input
node layer layer
number node
TD3-critic 13 1 [13, 32]
TD3-actor 10 1 [10, 32]
Imitative
1 1 1 2
Learning 0 (10, 32]
Behavior
1 1 1 2
Cloning 0 (10, 321
LSTM | Hidden | Hidden
Output
sequence | layer layer node
length | number node
TD3-critic 15 1 [32, 16] 1
TD3-actor 15 1 [32, 16] 3
Imitative 15 1 | B2 16| 3
Learning
Behavior
1 1 32, 16 3
Cloning > 32, 16]
References
[11 J. Eo, D. Lee, and M. Kwon, “Offline

reinforcement learning based UAV training for



The Journal of Korean Institute of Communications and Information Sciences

"24-01 Vol.49 No.01

[2]

[3]

[4]

[5]

[6]

[7]

8]

[9]

[10]

[11]

[12]

emergency network recovery,” JCCI, pp.
445-446, Yeosu, Korea, Apr. 2023.

N. Kim, M. Kwon, and H. Park, “Q-learning
based ad-hoc network formation strategy for
wireless nodes with random mobility models,”
J. KICS, vol. 46, no. 11, pp. 1834-1845, 2021.
“Batch
learning,” Springer, pp. 45-73, 2012.
(https://doi.org/10.1007/978-3-642-27645-3_2)
M. Riedmiller, et al., “Learning by playing

S. Lange, et al, reinforcement

solving sparse reward tasks from scratch,”
ICML, pp. 4344-4353, Vienna, Austria, 2018.
V. Mnih, et al, “Playing atari with deep
reinforcement learning,” NIPS Deep Learning
Workshop, Nevada, USA, 2013.
(https://doi.org/10.48550/arXiv.1312.5620)

P. Kormushev, et al., “Reinforcement learning
in robotics: Applications and real-world
challenges,” Robotics, vol. 2, no. 3, pp. 122-
148, Jul. 2013.
(https://doi.org/10.3390/robotics2030122)

P. Abbeel, et al, “An
reinforcement learning to aerobatic helicopter
flight,” Advances in NIPS, vol. 19, Dec. 2006.

A. Mosavi, et al., “Comprehensive review of

application of

deep reinforcement learning methods and
applications in economics,” Mathematics, vol.
8, no. 10, 2020.
(https://doi.org/10.3390/math8101640)

R. J. Williams, “Simple statistical gradient
following  algorithms for  connectionist
reinforcement learning,” Mach. Learn., vol. 8,
no. 3-4, pp. 229-256, May 1992.
(https://doi.org/10.1007/BF00992696)

S. Fujimoto, et al., “Addressing function
approximation error in actor-critic methods,”
ICML, pp. 1587-1596, Stockholm, Sweden,
Jul. 2018.

V. Konda, et al., “Actor-critic algorithms,”
Advances in NIPS, vol. 12, pp. 1008-1014,
1999.

X. Liu, et al.,, “Reinforcement learning in
multiple-UAV  networks: Deployment and
design,” IEEE  Trans. Veh.

68, no. 8, pp. 8036-8049, 2019.

movement
Technol., vol.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

(https://doi.org/10.1109/TVT.2019.2922849)

C. H. Liu, et al, “Energy-efficient UAV
control for effective and fair communication
coverage: A deep
approach,” IEEE  J. Sel.
36, no. 9, pp. 2059-2070,

reinforcement learning
Areas  in
Commun., vol.
2018.
(https://doi.org/10.1109/JSAC.2018.2864373)
“Distributed
UAV

reinforcement

A. Shamsoshoara, et al.,
cooperative  spectrum  sharing in
networks using multi-agent
learning,” CNCC, pp. 1-6, Las Vegas, USA,
2019.
(https://doi.org/10.1109/CCNC.2019.8651796)
A. Kumar, et al., “Conservative Q-learning for
offline reinforcement learning,” NeurIPS, vol.
33, pp. 1179-1191, 2020.

J. Eo, D. Lee, and M. Kwon, “The impact of
dataset on offline reinforcement learning of
UAV for emergency network recovery,” J.
KICS, Jeju, Korea, 2023.

R. F. Prudencio, et al.,, “A survey on offline
reinforcement learning: Taxonomy, review,
and open problems,” IEEE Trans. Neural
Netw. and Learn. Syst., 2023.
(https://doi.org/10.1109/TNNLS.2023.3250269)
G. Zhou, et al, “Real
reinforcement learning with
source,” ICRA, pp. 7176-7183, 2023.
(https://doi.org/10.1109/ICRA48891.2023.1016
1474)

A. X. Lee, et al., “How to spend your robot
Bridging kickstarting and

world  offline

realistic data

time: offline
reinforcement learning for vision-based robotic
manipulation,” IROS, pp. 2468-2475, Kyoto,
Japan, 2022.
(https://doi.org/10.1109/TROS47612.2022.9981
126)

X. Fang, et al, “Offline
learning for autonomous driving with real
world driving data,” I7SC, pp. 3417-3422,
Macau, China, 2022.
(https://doi.org/10.1109/ITSC55140.2022.99221
00)

B. Osinski, et al.,

reinforcement

“Simulation-based



) Sl 7

TS EQ AR VEND BT Y AT

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

reinforcement  learning  for  real-world
autonomous driving,” ICRA, pp. 6411-6418,
Paris, France, 2020.
(https://doi.org/10.1109/ICRA40945.2020.9196
730)

J. Eschmann, et al., “Reward function design
in reinforcement learning,” Reinforcement
Algorithms:
Applications, Springer, pp. 25-33, 2021.
(https://doi.org/10.1007/978-3-030-41188-6_3)
C.

-learning-based autonomous UAV navigation

Learning Analysis and

Wang, et al, “Deep-reinforcement
with sparse rewards,” /EEE Internet of Things
J., vol. 7, no. 7, pp. 6180-6190, 2020.
(https://doi.org/10.1109/J1I0T.2020.2973193)

D. Pathak, et al., “Curiosity-driven exploration
by self-supervised prediction,” ICML, pp.
2778-2787, Sydney, Australia, 2017.

S. Hochreiter,
memory,” Neural Computation, vol. 9, no. 8,
pp. 1735-1780, 1997.
(https://doi.org/10.1007/978-3-642-24797-2_4)
M. Hausknecht,
Q-learning for partially observable MDPs,”
AAAIL Texas, USA, 2015.
P. Zhu, “On

reinforcement  learning

et al, “Long short-term

et al, “Deep recurrent

et al, improving  deep
POMDPs,”
Computing Research Repository, 2017.
(https://doi.org/10.48550/arXiv.1704.07978)

D. Silver, et al., “Deterministic policy gradient
algorithms,” ICML, pp. 387-395, Beijing,
China, 2014.

N. Heess, et al., “Memory-based control with
NIPS Deep
Reinforcement Learning Workshop, 2015.
(https://doi.org/10.48550/arXiv.1512.04455)

Y. Bengio, et al., “Curriculum learning,”
ICML, pp. 41-48, Montreal, Canada, 2009.
(https://doi.org/10.1145/1553374.1553380)

K. Schweighofer, et al., “Understanding the

for

recurrent neural networks,”

effects of dataset characteristics on offline
reinforcement learning,” NeurIPS Deep RL
Workshop, Sydney, Australia, 2021.

J. Eo, D. Lee, and M. Kwon, “Can expert
dataset guarantee offline performance in sparse

[31]

of M o

3
U

reward ICML DMILR
Workshop, Hawaii, USA, 2023.
S. Fujimoto, et al., “A minimalist approach to

environment?”

offline reinforcement learning,” NeurIPS, vol.
34, pp. 20132-20145, 2021.

(Jeyeon Eo)
B8} =5A] vol 48, no 11

0| & == (Dongsu Lee)

3
U

E2)8}5] =54 vol 48, no 11

[ORCID:0000-0002-9238-4106]

& 9l & (Minhae Kwon)

3
U

EX18}35]=4] vol 48, no 11

[ORCID:0000-0002-8807-3719]



