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Abstract: In this paper, we propose an evaluating method for the RoboCup soccer game situation.
The idea is to evaluate a game situation with multiple situations by using a machine learning
method. Through preliminary computational experiments, we found that multiple future situations
are necessary for evaluating a current game situation. However, as a matter of course, future
information is not available during an ongoing game. For this problem, we propose a FOrward
Simulation for Situation Evaluation (FOSSE) approach. This approach consists of two parts. The
first part is Forward Simulation part that predicts the future situations by using past and the
current situations. The other part is Situation Evaluation part that evaluates the current situation
by using the current and predicted future situations. We employ deep learning models such as an
LSTM in both parts of the FOSSE approach. First, we show that the evaluation performance can
be increased by using successive multiple situations in time. Especially, the effectiveness of using
future information rather than past information is shown. Then, we present the FOSSE approach
where both current and predicted future information of game situations are used to evaluate current
game situation. Computational experiments are conducted to investigate the effectiveness of the
proposed method.
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1: RoboCup Soccer Simulation 2D League.
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2: A situation where the left team scores in nine
time cycles.
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3: The overview of Deep Neural Network.
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6: Model 3. 7: Model 4.

3.2.2 ERER

F2ICEBRERE2RT. EBRIrSEBEEEZMAS €
TUDNRE—FHZMHESETL LD FHBENSWND
EDIMB. £, B—FHE AL UTHWS Model
1 O#ENREKEL, #EHEHREZHAVSZOMDET
v (Model 2, 3, 4) TIXEINRHAGORIZBITEF—
LDBABEERZ DI ENTELEZDEEZOLNS.

X 51T, KEOBHREANDG Z L OEMMES RIEX
NTW5, Model 3 &9 %, Model 2 ¥ Model 4 ®

12

FNGREDN/NZ V. RFEHHOBRIZ, BEOERE Y
HLARKDERZANDZENENTH DI D5,
&y, BEOKSRNIBEELED LS ITEHKI
720k 0E, BIEOHARNIPSOEDLSITEMLT
W DDBIEDRNTIIZE > TEETHLLEXD.
ZETOERT, BROKRKDEREZH VD Z L
OERAMENREINE. UhrLads, REahizkko
EREBFDZENTERWZH, Model 2 ¥ Model 4
WBHENTIIRVWE WS RIERHD S, IROZETIE, Z
DOFEIZHN T B REFIEICOVWTERS,

4 FOSSE 77O0—F

HIE T, BEPAKOEHRZ H\WD Z & TR
ETNONEEZED D Z EWRINT. R, KEOF
WEHAWS Z LTS ROMDOET VLD HEXT
BBV o7z, LI LENS, FnHEE XK
IZREDERERS Z 2B TERVWEENH L. Z0M
BUIR LT, AFwXTiE FOSSE (FOward Simulation
for Situation Evaluation) 7 70— F &2 £ 3 5.

X 8 2 FOSSE 7 7u—F DO E %2R 7. BEFIE
X, HY I 2 b—a v ARPGHE O — BERE TRERR &
nd., —BEHOEYI 2L —varTid, #EeH
TEORGRIZ AVTARRKRDORAGKRIZ FTHITS. =
BB EH ORWFEHM T, FRIT N2 KRORAARI &
BAE DR ARMDOMERE VT, A7Vt IZBIF5
SituationScore #1193 5.

PUFDHiTIE, FOSSE 7 70 —F D&z OV
THHT 2. £7, 418T, ~BEEHDOIES I 2LV —
Y a VIZOWTEEIICEIIIT 5. Riz, 428iT, =
EXBEH 24725 FOSSE 7 70 —F %12 & 5 R 2
OWTHRR S, Bz, 4.3 BiCBUESERRIC X D #RE
FIEOBEYMMEZRAET 5.

4.1 JE>XalL—3v

MOWEYIalb—yarolEs2Rd. JEHYI a
L—yavik, mELHEOREGWRMNEZ AL L, &£
FKOHAARNZ FHRIL TH T 5.

4.1.1 Recurrent Neural Network

RNN &, BRIT =22 H/HI N TEB=a—F
V3w hT—=2DTH5. Wt ®RNN 70 v 2ig,
FiZl t —1 O RNN 7avy 70O AORT M VvE AT E
LTHifid 5. £LT, RNN 7y 2hrsni iRy
MLAEROEEZ t+1 O RNN 70y 7O AL LT
HAWa., KEKOAEGWRMIEZDFIEIZ L > TFHIZ N
5. KEDORMFHDODZDFIEEZNEY I 2L —



#* 1: Experimental settings.

Input information

Single situation (current)

Multiple situations (current, past, and future)

Multiple situations (current and past)

Multiple situations (current and future)

Dimensionality for one situation

2 inputs (Ball position)

24 inputs (Ball position, Left team’s player positions)
46 inputs (Ball position, All player positions)

#* 2: Experimental results.

Dimensionality of one situation H Model ‘ MAE

1 3.94
2 inout 2 3.38
HpHES 3 3.76
4 3.31
1 3.84
2 3.36
24 i
mputs 3 3 57
4 3.11
1 3.51
2 3.32
46 i 3
6 inputs 3 3 45
4 3.07
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11: The architecture of forward simulation using
LSTM.
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#% 3: Experimental results of forward simulation using
LSTM.

# of situations Dlmens%onahty ?f MAE
one field information

2 inputs 1.27

Three 24 inputs 0.67

46 inputs 0.62

2 inputs 1.89

Five 24 inputs 1.12

46 inputs 1.34
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12: The overview of our FOSSE architecture with
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# 4: Experimental settings of evaluating situation.

Input

Single

Past+current (Multiple-Past)
Future+current (Multiple-Future)

Predicted future4current (Multiple-Predict)

Dimensionality per situation

2 inputs (Ball position)

24 inputs (Ball positionand Left team’s player position)
46 inputs (Ball position and All player position)

# of input situations

1,3,5

7% 5: Experimental results.

. . . MAE (# of time cycles)
Dimensionality Input One Three  Five
Single 3.94 - -

2 inputs Multiple-Past - 3.70 3.76
Multiple-Future - 3.33 3.31
Multiple-Predict  (proposed) - 3.63 3.77

Single 3.84 - -

94 inputs Multiple-Past - 3.62 3.57
Multiple-Future - 3.35 3.11
Multiple-Predict  (proposed) - 3.55 3.59

Single 3.51 - -

46 inputs Multiple-Past - 3.53 3.45
Multiple-Future - 3.28 3.07
Multiple-Predict  (proposed) - 3.44 4.09
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