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Abstract

The aim of this research is to achieve kicker’s
planning using the idea of knowledge sharing
between players. When a kicker makes a deci-
sion he plans action sequences. However, our
team opuSCOM has a low success rate of the
planning action sequences. It is caused by no
consideration of other players’ movements in
the kicker’s planning, which is a difficult task.
We employ knowledge sharing to consider the
kicker’s planning and to select an action. In the
experiment, we show effectiveness of the knowl-

edge sharing.
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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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(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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O 1: Neural networks for experiments
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Abstract

In this paper, we propose a method to acquire
human’s view direction in the simulated soc-
cer environment. We use a VR headset in or-
der for human to immerse in the virtual soccer
field. Human’s head direction in the virtual
soccer field can be measured by VR headsets.
In the experiments, we analyze the differences
between human’s head direction and simulated

soccer player’s one.
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BEAJERER v Ry M2, OB REEIC LY
B —T DRI L=, B —T VR K
EREMELEDDZEICkY, REGKHSOHAE D
BENRHIRBEND EVSTREERNHD. ZDLH 7%
M A R 5 720120, FEEMBENFDITH D
2%, BRE) Y — AR T — % OEENEICfE S EHUE O
EENZ LD, BEE OIS T 20BN H 5.
AL TIXZ OB L CTERES TR
filfa B AT L EREL, MEtEITY. TDOV AT A
OFLEIT1LEBEHTY 3 50 MRBORSETET
ZEMTEDL., BERERMNOAWEE RS & WHIILE &
BEAHREN S 508, ARiwsCTIRESIIELY AW TE
INMEEEIT- TN D, BEIIFRE R % A0 v
¥ D C DAHDEBEZITDHIED, DX v /3y
B UARINESL TOMEEERTH. KRAT LD
B RE 2 R 5 EABN AT D E
ITIRPUEOZENERE L, ZNLIAO ARG
BT LRI XY, EAEEAER R
h ~OREEA W X9 D FERER T O S G 3 AT EE
ThdHILERT.

1 [XLEHIC

EAZFEAER 7Ry k& 2 Wil E 21T 3 whooE AT
HATA RN X VIR SN (AR Y &4
U, mdbE, e, ik, Sk, bt lvo
TS E . kY, =V 7, B AT
T, ik Wo Tl ARIOFEICEZH DY >Oh 5.
LML, 2B OEEBENCHE S HREr — 7 VO
Iz X > CTENDEBOINILI L=V, ZEDOHBET
—TIIVDENKN =D, HEHERFEACH A S RN
FIREND EWVoMBERHD. £ 2T, KimXTi

BY—RE—Z ~DIGE L IFEMTIT) Z LIk Y,

F—TNVDREERRTHZEEHNET D,

LLF, 2 B CIXFEEAIATE Y A T L OB &
Z ORI FFEHZ DN TR, 3 B THRE T 5 IR
fFA BRI & F OEEEMAT 5. ZORKEOEN

™A FEL

PR A 4 BEICTHEGRL, SETAREZE LD D.

2 JEiEMIaE DA & RIfTHIERE
A SCTIHATE S DY O B BHEN R WERES
Kz W OEEMiEEZ1T 2 [2]. MR- oA 27

28

L22L, ZOVATAOFRBRITITIRD L9 728k
FIRRENFEET S, EREE Ry s OBRE I
Y —RE—nHNnENTNS., h—FRE—XD
EHELITEPEOEERIC L > THRO LN D, Kin
SCTIREEAMICHR LT, FICERTHENEUG
TEHMEEZELEL, MEtz1T9.

3 RRT HFHEMIGEL AT A

3.1 HIREIRIZDLNT

BB AT LOFEMBEIFE Z Fig.1 1Z7~7. C1, Cp
DA 2 MO IR E 7> TRY, A DhAD
BT 4 KO ZFAWTWAD A, W#EIL GND &4k
HLTWAH, 1BHT-0, 350 AR EOERE
THRITZENTE D, WICTFigl ©1EBZEY EIF
AfifE Y a— M LIZFEOBBR S AN E G- &
XOCELDODARDY T H A Xin 2 (DI T.
VT 7B AN 0 IR DNEDOWE DT H A
DO D Z ENHEOSRETHY, X)LV, Cy,
Ci1, Cuz, L1 TOWHIHAR L, Cp, Cro, Ly TOEFI|I:
WD DZEDbLND. AR CIEIRRENLE L
KT WEAHHREZ AWT, BEEEZTTH.

1- wZLl(Cl + ClZ)

Xin = -
M jw{Cy 4 € — w2L1(C1Cyy + C11Crz + C12C1)}

(1

W, 1B R 2B B, IMHz THRE K872 BRI,
Co%2ZBEEEIGEADY T 7 X2 A Xin DA E) % [A]
B2 L— X THERT D, MiRk%E Fig2 [ZR7.
Fig2 £V, Co #EEIHGAIITV T 7 2R
Xin I RELTNDZEDHERTX S, - T, K
STCTHWHEFILIRTIEIEAMDO T v FOF ¥ /)
VH VA Cp DEMMEPBETHS.

__________________________

Z

]

Fig.1 151k AT L DO%AfhA] &

________________________
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AlEfE T 5 > AT L OSfia K IX & RS X &
Fig.3 12, ER L 7= £ % Fig.4 (R, AifiC, &
BEDOBAMDF ¥ /Ry X A Cpp, Cp NIEE A B
XD ENLNroT-T2®, Crn, CoNAEFIITL WE
&% % 2 7-. Fig.3,Fig.4 O HHFIFTENZxtis LT
BY, QL@ofmik s REICEET 22 & TEEN
<KL, @QE@TELDF v XU & 2 A TOD
W7oy 735 86N EEFY AU HOEEFR L
\oRT. RIS L 235 L, IMHz TIHE S 5.

4 BhHECRHE

FHEZOZEACIC L > THERFUENEEH T 50— R T —
X & RE L, BEARICH LT, BRI 5824
TETCWVWAENEMRT D720, BIMsEZITH . &
B AR LA OB OEIX 100 Q IZ[EE L, ZEhAfFD
FFHIEZ 100Q 55 1000Q D 10 7 &+ 5. LEaf &
FAMICHAS L TV 2B OR%R%E Figh IZRT.
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