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[ Abstract ]

Q-Learning is a technique widely used as a basic algorithm for reinforcement learning. Q-Learning trains the agent in the direc-
tion of maximizing the reward through the greedy action that selects the largest value among the rewards of the actions that can be
taken in the current state. In this paper, we studied a policy that can speed up agent training using Q-Learning in Frozen Lake 8x8
grid environment. In addition, the training results of the existing algorithm of Q-learning and the algorithm that gave the attribute
‘direction’ to agent movement were compared. As a result, it was analyzed that the Q-Learning policy proposed in this paper can
significantly increase both the accuracy and training speed compared to the general algorithm.

Key Words: OpenAl Gym, Q-Learning, Reinforcement Learning, Reward Policy, Training

http://dx.doi.org/10.14702/JPEE.2022.219 Received 23 March 2022; Revised 11 April 2022
@@ This is an Open Access article distributed under the Accepted 11 April 2022

@ = terms of the Creative Commons Attribution Non-

) Commercial License (http://creativecommons.org/ *Corresponding Author

licenses/by-nc/3.0/) which permits unrestricted non-commercial use, )

distribution, and reproduction in any medium, provided the original work E-mail: zeros952@koreatech.ac.kr

is properly cited.

Copyright © Korean Institute for Practical Engineering Education 219 http://JPEE.org pISSN: 2288-405X elSSN: 2288-4068



J. Pract. Eng. Educ. 14(1), 219-224, 2022

.M E
AEAT wokllA co|HES SFAl7le A2 We- T

23t} o] ol @A o] Foi A Aol wet A18A % 4
ol GA T, ol We e e

7} 3} k5 (Reinforcement Learning)2- o o] A E 7} 377 ©
ZEH ¢ B 2SS WA o2 g5shs S gt
Zetehe] dwbARl Bl Fx9 74 940+ 9 1% 2
o of o] E(Agent), 37 (Environment), 35 (Action), X
AHReward), “3Ell(State), A Z(Policy)o] ESHAT} ojo]HE
= Astelgoll A Sgats FAE, FolX1 A el A 3
TS ST FH L do|dEV A Fs Fgshs Ul

AV
L
lo,
o
o
s
I,
i
r
iy

1

[

U BHoH, YE& Tt AP FE L3
B dle|dE Az Aeshs §70 dH BRE AV
th B2 dlo]HETL =87 gl tiste] 7o) olo]d
EoAl ALsh= gtolH, olo]dEe] B 9FE&
Arolth FHl= o) HE Axz s B4 dH B
Holtt. AA o], oo]ET} F0I3 Aol A

Sayafof shx) AR WA on gk,

lState Se

Reward R, \

______

S~

Action A,

J8 1. ZEtEls =y ygea

Fig. 1. Reinforcement Learning Framework.
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Fig. 2. Frozen lake Simulation Environment.
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Fig. 3. Q-Learning Obstacle Compensation Simulation Result.
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Fig. 5. Strengthening Punishment Q-Learning Simulation Result.
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