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Designing an Efficient Reward Function for Robot
Reinforcement Learning of The Water Bottle Flipping Task
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Young-Ha Yang', Sang-Hyeok Lee', Cheol-Soo Lee

Abstract: Robots are used in various industrial sites, but traditional methods of operating a robot are
limited at some kind of tasks. In order for a robot to accomplish a task, it is needed to find and solve
accurate formula between a robot and environment and that is complicated work. Accordingly,
reinforcement learning of robots is actively studied to overcome this difficulties. This study describes
the process and results of learning and solving which applied reinforcement learning. The mission that
the robot is going to learn is bottle flipping. Bottle flipping is an activity that involves throwing a plastic
bottle in an attempt to land it upright on its bottom. Complexity of movement of liquid in the bottle
when it thrown in the air, makes this task difficult to solve in traditional ways. Reinforcement learning
process makes it easier. After 3-DOF robotic arm being instructed how to throwing the bottle, the robot
find the better motion that make successful with the task. Two reward functions are designed and
compared the result of learning. Finite difference method is used to obtain policy gradient. This paper
focuses on the process of designing an efficient reward function to improve bottle flipping motion.
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[Fig. 1] Sketch of the bottle flipping task
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[Fig. 3] 3DOF Robot Arm
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[Fig. 5] An example of motion generation
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[Fig. 7] A reward function for the maximum height [Fig. 10] Reward function consider only landing moment

| b} @o] HE 4 7Ps Al o
AL g4 SRR k) 9 o]

ol Haglel = glEmlel 1A gkt

(b)

AE A whebA B o] T3 A5S B7FsHA e, [Fig. 10]
[Fig. 9] Results of the first reward function 3} o] 2| 0] x|} BHlo] 7h guks FE3)o] 4] (7)
S B BAF ghS =53 [Fig 1118 Y9 e whos
TS E2 A A 2 TSl ddel o)A st 3k BAF gko] o Alo]
Al Aelth o, 9 a, = B 7S WA 9134t olg]at B} 3k x| W) Wo] ZHE AA|E BAF Zho &
LEsto] Thdatar A @A ol o}, sl Rk | Ak At R A
R = 05(90— 90—, ) (6) o 571 A < 1o gl oW o ek mAE = vk
A (6)2 Ero) vietell AX|ahis xte] HAL B olu 5. 4=} st5o| At
[Fig. 8]2} 2o o|m| A 248 F-Z5}o] Ho] A} o] F= 2},
7,5 DT o] B s o] AWt o] F= 2 4 5.1 7338} skxo] At
oAl 7PHe= % H3x 2 9) 7Fs o] ke dAlz B
A 3L R 2 TS Sk SpkA o] gicte] AlEelc o] Mol 4.1 7} 4.2 0l A A A gE 17 Fharol] gk 73t
2

)

o

mL

i)

=]

e

)

1o
Lo
ofy
—r
Og(:‘ll
Y
‘.4
i
N
i)Y
ot
Kv)



o 44 85

4

Fat

<0
o7

I

o
7!
oF

ol

or

o

]
il

30

70

60
Reward

—— Reward |
25

50
20

40

15

30
(@

Motion Leaming Reward

Updated lteration
Updated lteration
(b)
[Fig. 13] Reward plot of the bottle flipping task learning
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