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ABSTRACT

We present a reinforcement learning-based framework for generating 2D Lego
puzzle from input pixel art images. We devise heuristics for a proper Lego puzzle as
stability and efficiency. We also design a DQN structure and train it to maximize the
heuristics of 2D Lego puzzle. In legorization stage, we complete the layout of Lego
puzzle by adding a Lego brick to the input image using the trained DQN. During this
process, we devise a region of interest to reduce the computational loads of the
legorization. Using this approach, our framework can present a very high resolutional
Lego puzzle.
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Reward for efficiency

Reward for stability

[Fig. 5] Rewards for efficiency and stability
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Algorithm 1: ROI Legorization

if Legorization is failed
return -1, -1

if Legorization is completed
return We e t Ws s, -1

DON -> actionl, action2
todoList <- [actionl, action2]

for brick in todoList
add brick to brick set
r,last _act:=ROI Legorization()
remove brick from brick set
if opt r<r B
opt r:=r
opt act:=brick

return r, opt act
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ALGORITHM 2:

while true
get ROI
r,opt act=ROI Legorization()
brick <- opt act
add brick to brick set

Legorization

if Legorization is completed
return brick set

[Fig. 9] 16x16 pixel art images for training
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[Fig. 10] Input pixel art images
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7. 22 U g% o7 wa
B ATl A3}t shgol 7Iwket 2D #la o
= AA 7S AdEArE olE #1814 dueling
DQNell 7]9+&k g REg d7stal, wedh I
A olE gL olgaN FAsAT YEH
o9 QS A dn ARl aTse
Felaue g aeiow Agsidon o
g HAgbehs wFow 2D #Ha HES B
o Aol Alekehs wHe V1E el
£ ks 99d B ddne 94 ok o
e i HER WdEE Vles ATtk
2= ATE E8iA EE 2D dHa HE A
Nes TS LHAAA, Gt e e
HZol g wo] P¥e H&eeE 4Al 2D #Ha
HE A 7lEs dgstast vk =3 o] Vs
< Y A AIAA 8K ol 2uEdE g4
o dig da HAE B VIEs NEstaat g
[Table, 1] The comparison of the results
Yunet | Yunet
Qurs 20l a|\-:/£3] a:;vsit[:]
Program | color color
match | match
Time (sec) 11.81 | 2981.53 | 16.24 17.85
(a) | No. of bricks | 1042 1019 985 991
Reward (r) 0.4357 | 0.4402 | 0.4231 | 0.4108
Time (sec) 11.92 | 3018.82 | 1741 19.03
(b) | No. of bricks | 1210 1148 1103 1092
Reward (r) 0.4813 | 0.4908 | 0.4719 | 0.4649
Time (sec) 82.69 | 9633.30 | 130.02 | 133.04
(c) | No. of bricks | 3709 3659 3865 3972
Reward (r) 0.4439 | 0.4339 | 0.4212 | 0.4032
Time (sec) 129.66 | 9829.9 | 154.14 | 159.28
(d) | No. of bricks | 4492 4465 4612 4661
Reward (r) 0.3804 | 0.3756 | 0.3678 | 0.3605
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@

[Fig. 11] Result Lego puzzles assembled by tiny bricks
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