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Abstract

This paper discusses the construction of an
evaluation function by using neural networks in
RoboCup Soccer Simulation. For this purpose,
four-layered neural networks are employed to
model the evaluation function. Supervised
learning and reinforcement learning are consid-
ered for the learning of the evaluation function.
For the training of the neural networks, we gen-
We de-

fine the successful episodes and extracts them

erate training data from game logs.
from the game logs. In the learning of the
neural networks, first, the parameters of neu-
ral networks are learned by supervised learn-
ing. Then, reinforcement learning is applied to
fine-tune the neural networks. We investigate
the performance of neural networks tuned by
supervised and reinforcement learning through
the computational experiments. As a result, it
is shown that the performance of the trained
neural networks is the same as ones with hand-

coded rules.
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O 2: Soccer simulation 3D league
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(player_type (id 17)(player_speed_max 1.05)(stamina_inc_max 51.6181)
(player_decay 0.459447)(inertia_moment 6.48617)(dash_power_rate 0.00489698)
(player_size 0.3)(kickable_margin 0.643989)(kick_rand 0.0439887)(extra_stamina
85.5322)(effort_max 0.857871)(effort_min 0.457871)(kick_power_rate 0.027)
(foul_detect_probability 0.5)(catchable_area_l_stretch 1.03085))

(playmode 1 kick_off 1)

(team 1 opuSCOM NEO_FS 0 0)

(show 1 ((b) 00 00) ((11) 0 0x9 -49.1109 0.0076 -0.0444 0.003 -92.301 90 (v h
180) (s 8000 1 1 130555) (c0169017111001))((12)110x1-18-500 7.368
-3 (vh 180) (s 8000 0.941673 1 130600) (f111) (c0050015110001))((13)8
0x1-18 50 0-38.621 26 (vh 180) (s 8000 0.805717 1 130600) (f111) (c 0050 0
15110001))((14)70x1-18-1400-5.57 (vh 180) (s 8000 0.944233 1 130600)
(f111)(c0050015110001))((15) 16 0x1-18 1400 7.083 2 (vh 180) (s 8000
0.876201 1 130600) (f111) (c0050015110001))((16)40x1-1500029.599
1 (vh 180) (s 8000 0.996398 1 130600) (f111) (c005001511000 1))

0 3: Game log
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0 4: Example of action planning
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O 1: Neural networks for experiments

] Neural Network H NN1 \ NN2 \

Input Layer 2 | 4
Hidden1 Layer 100
Hidden2 Layer 100
Output Layer 1

Activation Function Sigmoid
Learning Rate 0.1
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O 5: Example of positive episodes (red lines) and nega-

tive episodes (dotted blue line)
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O 2: Abbreviation of experimental settings

o Experimental settings
Abbreviation
Evaluation function Initial weights ‘ Learning ‘ Training data Environment
NN1.SL_HE NN1 Random Supervised HELIOS Not full state
NN1.SL.-WE NN1 Random Supervised WrightEagle Not full state
NN1.SL_HE NN1 Random Supervised HELIOS+WrightEagle | Not full state
NNIINIT NN1 Random - - -
NN2_SL_HE NN2 Random Supervised HELIOS Not full state
NN2_SL_-WE NN2 Random Supervised WrightEagle Not full state
NN2_SL_HE+WE NN2 Random Supervised HELIOS+WrightEagle | Not full state
NN2_INIT NN2 Random - - -
NN1_RL.HE+WE NN1 Trained by HELIOS+WrightEagle | Reinforcement opuSCOM Not full state
NN1_RL.HE4+WE_FULL NN1 Trained by HELIOS+WrightEagle | Reinforcement opuSCOM Full state
NN2 RL_ HE+WE NN2 Trained by HELIOS+WrightEagle | Reinforcement opuSCOM Not full state
NN2_RL_HE+WE_FULL NN2 Trained by HELIOS+WrightEagle | Reinforcement opuSCOM Full state
Default With hand-coded rules - - - -
Simple Without hand-coded rules - - - -
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0 8: Input-output mapping of NN2 trained by super-

vised learning
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0 9: Heatmap of the evaluation value from NN2 trained
O 7: Heatmap of the evaluation value from NN1 trained

by supervised learning

anpg

by supervised learning

0 10: Input-output mapping of NN1 trained by rein-

forcement learning
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O 11: Heatmap of the evaluation value from NN2

trained by reinforcement learning
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