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1�Ù Úó

O(�©a3ã�?n!ÅìÆS�éõ+�´�Ek��XÚ��|
¤Ü©"©aXÚ�O(ÇÌ�û½u£ã���A�8Ü´ÄT�"3©a
XÚ�õêA^¥§é��Ü©ó�3uÏéU
�Ñ÷¿(J�A�8Ü"
ù�XÚ�OöÒI�U
�ÏA��EÚA�ÀJ�óä [32]"

3E,!Ä�!õ�UN��¸¥§�UXÚ���]Ô3ulØ(½¥
¼�°�5 [4]"ù«�¸¥§duG��m�ê�¿§�OöÃ{¯kýÿ�
U�G�§u´�UN�Ã{�Ñ�(�ûü [5]",	§ù���¸e�UN
�Ã{��O(�a�Ù±���¸"ù��+��)µJ[�¸Ôö [6]§Ô
��[ [7] ±9gÄ8I£O [8]"°���UNÒI�kgÄa�!�ä�æ
¿l¥¡E�Uå"ÏLéÃï�§�UNò��JpÙ3õ�UN�¸¥�
°�5 [10]"

3�e5�A�Ü©·�òÄk£�éÃï�Ú�E58B(constructive

induction) �¡±cQæ^��{",�·�0��«#�Äuéuª2Ý`
k|¢��E58B�{CSea (Concept Sea)"ù«�{�^uRobocup v¥
Åì<�ý'm¥ [1] )û¥
�¥ýÿ�¯K"��ÏL¢�(Jy²
§
�k�5"
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1�Ù éÃï�

§ 2.1 Vg

ÏLéÃï�§=�UNéu�¸¥Ù¦�UN�¿ã!�£!1�ïá
�.�Uå§�UNU��JpÙ3õ�UN�¸¥�°�5 [10]"#�<M
ïÄnØ�\¡, <M�é��Ü©Uå^ué�5�ýÿ"Ü�'X��UN
��.U
Or�|Ü�Ó�~�ÏÕ�° [3]"Ó�Æ�Ø�Á��L²µý
ÿéÃò5�ûüò'==´éÙ�C�1��Ñ�A����Ð�(J [9]"

l���Æ�Ø��{�5y£O(plan recognition)§y3®²JÑ
õ«
éÃï���{"�´õêÑØU^uÄ�!�lÑ!õ�UN��¸¥ [3]"

§ 2.2 Æ�Ø��{

Æ�Ø´éÃï��nØÄ:"§�)û�¯K´éuA½éÃN��ü
Ñâ´�`�"ÙA^��Ø��)��Úù��iZ§�k²L!!�!Ô
��+�"éõù�a¯K�±=z�õ�UNXÚ(MAS)"�´�ØU^u
E,!Ä��MAS"

3Ó£��Æ�¥�����K®²´�{��{§�cJ´(½5��
�&E�Æ�§�b�éÃæ��`üÑ [13]"Petter Stome JÑIMBBOP�
�{§ÏLn���.ýÿéÃ1��(J [11]"

�´3E,�Æ�¥§éÃ�üÑ´Cq�`�§Ï�éJ$�Ø�Ué
��`üÑ [12]"Æ�Ø��{b��UN�m�p��é��Ä�8ÜÚµ
d¼ê§ùÏ~´Ø�U�"

§ 2.3 ©a��{

3©a��{¥§ÏL�±*ÿ�A�§éÃÄk�©a",�éuz�
aéÃ©O�½�`�éü"

Patrick Riley ÚManuela Veloso JÑ�«£O�{§ÏLééÃ�*ÿ§
�éÃ1������.U
�ÀJÑ5 [14]"
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Gal réuÄ�E,ëYõCþ�.G�(world state) =z��£O�
�f1�S�",�ÏL©Ûù��mS�5Ïé�±Ny¥èA��fS
� [17]"

Michael Wunstel �JÑ
�«A^g|�ã(Self-Organizing Maps)5�
�é�¨�êâ(spatio-temporal data) àa��{"¦�^ù«�{5µ
dRogoCup¥
�1�"¦�ÏLX{� �S��Ñ'uè
Ôâ1��
(Ø",	¦��ÏL©Û¥
�¥��p�^¼�'u¥
EâUå�&
E [15]"

©a��{¥�éüI�ÏL<��Á�5µdçÀ"

§ 2.4 ín��{(Abductive Approaches)

3ín��{¥§*ÿ(J�éA�,«�."��éÃ�,«�A�K
�´é��"¤±�.ØAT�6u¯k�lÑz§´ATgÄ��l
Ñ"Ï�ù«�{�(Jò^uU?¥
�1�§¦�(JI�kA½�/
ª§ù�U
�)é¥
��- [18]"

Jan Murray ¦^���ó5£ãõ�UN�1�"¦�����ó�)�
G�Å��ó��G�=£ã§�±£ã§S5�1�§�k�Ü65K��
ó��ûüä§�±L�`²5�1�(declarative behavior) [16]"

Ubbo Visser ¦^Äu�mS��ûüäín53���)5K"§�^u
©ÛÅ�
�1�Ú¥
D¥1� [18]"

Csea �{ÏLc"�ä5L«�)�á5"üÕ��á5�©aUå��
uûüä3��á58Üþ¡�©aUå"§ØI��¯k�lÑz"ÏL§
ééÃÄ��ýÿ�±�Ï¥
ûü"
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1nÙ �E58B(Constructive

Induction)

§ 3.1 Vg

êâý?n´y¢A^¥�£uy��Ú½"á5�EÚÀJ´ÏL
C�{ü�êâ¦�êâ�÷�\N´ [37]"á5�EÚá5ÀJ�±w�
L«¯K�ü��¡"k�ÿL«�óéu�
ÆS�{Øv±£ã¯K§
á5�E�±^u´L�ó¶,�
�¹eL«�ó�¹
�L¤I���
ó§á5ÀJ�±^uz{�ó"á5ÀJ��^uGØá5�E¥�)�Ã
^á5"¤±ùü«�{²~´éÜ3�å¦^�"�E58B(constructive

induction½öCI) �Vg�@´dMichalskiJÑ� [42]"CI Ó��Ì
l�©
á58Ü�)�¯K�\�'�á5�g�±U?ÆSL§"

CIk�eA����¡µ

§ 3.2 f8ÀJ(Subset Selection)

gCÀJ�½Â�ÏéU
÷v,«IO���f8"ù«IO�±
´�ØÇ(error rate)!Ø�NÇ(inconsistency rate)!&EÝþ( information

measure)!ålÝþ(distance measure)½ö�'5Ýþ(dependence measure)"

,	�«�d�½Â´Ïé��á5f8§¦���3,«#N�IOeÝK
±��ê�� [23]"

Ï~ûüä��{C4.5�^�µdá58Ü�ÆS�{ [41]"�Ï´§
é¤Ù!O�þ��2��^u©aXÚ¥"kéõ¦^ûüä��á5
8µd�¬�~fµ [31] [32] [30] [29] [27] [23] [21]",	��±¦^�Bayes

netÚID3ù
�{ [34] [21]"Yang¦^
�Ç'�p� ²�´�ª©aì
[25]"

�Ä�#)¤�á5�éu)¤§�á5�þATk¤Jp§Hu¦^

�éÿþ(relative measures) [30]"Zheng ¦^&EOÃ(information gain) Ú
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?ès¤(coding cost) �Ó��µd�IO [29]"Yang ¦^
õIO�`
z(multi-critera optimization) 5Ó�Ny©a�O(ÝÚm� [25]"

3CSea��{¥¦^
�«Äu&EÝþ�IO"Ó�2Ý`k�|¢ü
Ñ;�
ØÓ(�E,Ý�á5�m�p¿�"ù�Ò)û
Ýþ��é5¯
K"

§ 3.3 |¢�üÑ

|¢3á5ÀJ¥��Xé���Ú [38] [37]"|¢�Uì��©�c
�|¢!��|¢!V�|¢½ö�Å|¢§��UìüÑ©���|¢!é
uª|¢!Ø(½|¢£~X¢D�{¤ [25]"

Kohav ÏL�)ë�!:�Ä��f5UC|¢�m�ÿÀ(� [21]"

éuµdäküN5�¼êWang·Ü¦^
�Ý`kÚ2Ý`k�|¢
[23]"Pudil¦^
V�|¢�{���C«§�Cê8�á5�±�\\½ö
GØ [24]"

CSeaæ^
éuª2Ý`k�|¢�{�y
|¢��Ç§Ó�ÏL��
�y¦�á5�E¤�Ø(½5L§§ù��±;�(½5|¢�{¥�U�
��ÛÜ4�¯K"

§ 3.4 �E�f(Constructive Operators)

Ü�£�¤!Û�£½¤!��´qÞa.á5��~^��E�f"
,	ü«´M-of-N (M�á5¥kN��ý) ÚX-of-N (N�á5¥kõ��
ý) [29]"Pazzani éÐ�A^
(k�¦È�f citePazzani1998"

éuê�á5{ü��ê$�ÎÑ²~�¦^"~Xµ��!Ø�!\!
~!¦!Ø!���!���!�²þ�� [32] [22]"

CSea�{¥A^
~!¦�(amplitude [35])!���f",	�Ú\
ò
´�f(delay)§¦�CSeak©Û�mS��Uå"

§ 3.5 �E�ÀJ�éÜ¦^

y3á5�E�ÀJ�5��w¤´Ø�©�L§"Bloedorn }Á3ê
â°Ä(data-driven)��E58B¥Ú\á5lÑz!á5�EÚá5ÀJ�
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f [22]"Larvarac ÄkÿÐÐ©á58Ü§,�GØKÃ'�Ü© [26]"Vafaie

3�O?1��EÚÀJL§¥Ñ¦^
¢D�{§±Ï"¼�v
�7��
á58Ü [32]"Zupan ¦^¼ê©)(function decomposition) 5£OÜ·�á
58§GØõ{�á5¿�¼�äk�g(��#á58Ü [33]"

3CSea �{¥§�EÚÀJL§�O?1��vk#�á5�±)¤"¢
D�{é·Üu3E,��`z¯K¥¯��|¢ã��|¢�m [39]"·�
/�
¢D�{¥�
k��Å�"�X¢D�{¥���ÚCÉ§?¿��
á5�±ÏL����E�f)¤#�á5§?¿ü�á5��±ÏL���
E�f)¤��#�á5"CSeaÓ��o
���½���á58Ü"�uy
#�µd�p�á5�\\§8Ü¥µd�$�á5ò�íØ§¦���3�
á5�êØC"(J´ù�8Ü¥ØäO\(��E,�á5§¿�ù
á5
�µd��p"

§ 3.6 A^

Zupanò�Eá5A^u©��Â-Ù [33]"Vafaie òÙA^u<ò£
O [32]"Bloedorn 3©�©aÚg,�Æ�Èü�y¢¯K¥y²
á5
ÀJÚlÑz�k��^ [22]"Pudilr¦��{^u©�©aÚ�Ñ£O
[24]"TeranoÏL¢D�{©Û�kD(�¯òN�§¿dd5¼�û½�n
�è^¬�r�üÑ�k��£ [36]"Seabra Lopes ÏéU
/Ï�ã�m
SêiDaìêâ5£ã�CXÚ½5G��á5§¿�ò§^uÅì<�
ä [35]"
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1oÙ ¯K£ã

§ 4.1 RoboCup�ý'm�¸nã
{ü0��eRoboCup�ý'm¥¤�¹��
Ì�Ü© [1]"

Soccer Server Server´U¦ØÓ�èÎ?1v¥'m�XÚ"Ï�'m´
±client/server�ª?1�, ¤±é¥è�mu?Èvk?Û��"=�¦¥
è�muóäJøÏLUDP/IPë��client/server|±"ù´Ï�serverÚz
�client�m�ÏÕÑ´ÏLUDP/IPà�¢y�"z�clientÑ´Õá�?§,

ÏL�½�à�Úserverë�"�|¥è�±k�õ11�client£½ö`´¥

¤"�¥
Úserverë�þ�, ¤k�&EÑÏLù�à�D4"¥
ux¦
�e�Ú���Ä��¦�server£XH¥kick, =�turn, run�¤"Server�Â
�ù
�E�, �1�¦, ¿�A��#�¸",	, server�¤k�¥
Jøa
�sensory&E£Xµ'uv¥, ¥�ÚÙ¦¥
� ��À&E¤"�k��
���:, server´±lÑ��mm�£½±Ï¤ó��¢�XÚ"z��m
±ÏÑk(½�©�(100ms)"z|'m±Y�©¨�6000±Ï"�
3,�±
Ï�1, Ä�7L3�(�m���server"Ïd, �ú��A¬é¥è�5U
�)é��K�, §¬E¤¿��1Ä��Å¬"

monitor Monitor´���Àz�óä, #N<�*w'm�server�.u)

�o¯�"3monitorþw«�&E�)'©, ¥è¶i, ¤k¥
Úv¥�
 �"Monitor�Jø
��é{ü�server ��"Xµ�ü|¥èÑë�þ
�, 3monitorþ�/Kick¨Off0UÜ#N<aà�m©'m"�X\òuy
�, 3serverþ?1'm, monitor¿Ø´7I�",XJkI��{, �±Ó�
Úserverëþéõ�monitor £X\�3ØÓ�ªàw«Ó�|'m¤"

logplayer Logplayer�±�w¤��¹�¥
"´^5?1y'm�ó
ä"$1server�, �±\þ�
À�, @oserverÒ¬ò'm�¤kêâÑ�
;3M�þ"£é�3¹�ÅþUe¹�UÜ¤",�, Úmonitorë�3�å
�logplayerÒ��^5y'm, Ø+yõ�g"ù3?1¥è�©Û½öu
y¥è�r?Úf:�´ék^�"Ú¹�¥
�Øõ, logplayer�km©play,

Ê�stop, ¯?fast forwarÚ�òrewindUÜ"�logplayer�#N\a�'m
�?��±Ï£X\==F"w�?¥Ü©¤"

– 7 –



�u�ÆnÜØ©Ôö

§ 4.2 �¥ýÿ¯K

3RoboCup�J[�¸�O¥§¥
�±��¥�Ä�"¥
uÑ�¥Ä
��±H�ål'���¥§�´uÑÄ���òk7�±ÏÊ3�/ØUÄ§
�[ý¢¥
�¥���/�Ä�"�¥â»´¥
���é��Uå§�
´�Å¥
��¥Ä�ò¬»�?ôè
��¥Ä�"XJ?ôè
U
ýÿ
3=�±Ï�Åè
òuÑ�¥Ä�§ùòk|u�Åè
�Ñ�A�o¥Ä
�§Jp�¥â»�Uå"
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1ÊÙ XÚ(�

ã 5.1: XÚ(�ã

CSea�{òÐ©á58Ü=C�©aUå�p�á5"ù«�{b�§k
��Ð©�á58ÜÚ���¹�~��~������±��©aÆS�Ô
ö8"��XÚ(�Xã5.1"

§ 5.1 �Ý`k�|¢

�Ý`k�|¢´ÏLÓ6N^á5�E�¬Úá5ÀJ�¬5¢y�"
·�½Â?¿��á5�?ê´^u)¤§�á5¥���?ê\�§¿5½
Ð©á5?ê�0"Äkò0?á58Ü��0?«f8Ü§N^á5�E�¬
)¤1?á5�ÿÀ8Ü",�N^á5ÀJ�¬GØ©a�J'���á5
��1?«f8Ü"ù��¤
1n?á5�|¢��âm©1n+1?�|¢"
3CSea �{¥§�EÚÀJL§�O?1��vk#�á5�±)¤"2Ý`
k�|¢üÑ;�
ØÓ(�E,Ý�á5�m�p¿�"ù�Ò)û
Ýþ
��é5¯K"
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§ 5.2 �½á5��(population)

z�?�U)¤�á5ê8�X?ê�þ,´¥��ê?O��"

b�Ð©á5ê�i§���E�f�ê�M§���E�f�êD§K¤
kn?á5��ê4íúª�

Kn+1 = Kn(M −D/2) + D/2k2
n + i (5.1)

1n?á5ê8��i2
n
"

~Xµ�i = 6, D = 3,M = 1 §kn = {6, 57, 4851, 35295882, 1.9 ∗ 1015, ...}
�
|¢ùo
���m·�¦^
éuª��{§Ó�/�
¢D�

{¥�½<�ê��{"b�1n?�`DVg£ýÿUåp¤�k�Ul
1n-1?Vg¥`Dö�)"¤±z)¤,�?�Vg§Òl¥]ÀÑýÿUå
�p��êVg§^¦�)¤�p�g�Vg"�½��Vgoê���§z
g)¤�1n?Vg\þ�k�Vg�UìµdüS"�L���@�Ü©ò�
íØ§�,,�!:3Ù)¤�!:vk�íØ�c´ØU�íØ�"

§ 5.3 �E�f(constructive operator)

CSea�{©Û�´|þ'mP¹�¡ä§�Ò´�
ëY±Ï��mS
�"?¿�á5X3z�±Ït¥ÑkÙéA�Xt"

CSea�{¥½Â
Xe��E�fµ

• ~�f(subtract) ½Â�

subtract(X, Y )t = Xt − Yt (5.2)

ÏL~�f§¥
�ýéX�IÚ¥�ýéX�I�±=z�¥
�¥�
�éX�Iµ

BallRPosX = subtract(BallPosX, MyPosX) (5.3)

• ¦��f(amplitude)½Â�

amplitude(X, Y )t =
√

X2
t + Y 2

t (5.4)

– 10 –
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|^¦��f§�±d¥��é�I��¥��éål:

BallRDist = amplitude(BallRPosX, BallRPosY ) (5.5)

ù3Lopes �ó�¥�kA^ [35]"

• ��f(and)½Â�

and(X, Y )t =

{
1 bXXÚY�ýÿ(J�ý
1 bXX½Y�ýÿ(J�b

(5.6)

��f�)��U´���á5§Ù���{-1,1}"ÏL��f§U
L
�ü�^���Vg"

• ò´�f(delay)½Â�

delay(X)t = Xt−1 (5.7)

����E�fò´�f§¦�?uØÓ�m�á5��±���å?1
$�§ù�CSeak©Û�mS��Uå"ò´�f\þ~�f�±L�
�©�Vgµ

differential(X) = subtract(X, delay(X)) (5.8)

differential(X)t = Xt −Xt−1 (5.9)

ò´�f\þ��f�±L�kk�^S�ü�¯����Ó÷v"b�
á5X�±«©´Äu)¯�x, á5Y�±«©´Äu)¯�y, KU
L
�x!yëYu)�á5�±ù�£ãµ

and(X, delay(Y )) (5.10)

Ð©á58ÜÏL�E�f)¤�Vg8Ü�NÒ�¤
��c"��
ä"�ä�z�!:�L��á5"Ø
Ð©á5�	§z�á5z±Ï�á
5�d)¤§�á5�á5�ÏLTá5¤éA�$��±��"

�E�f�3ÓÂá5�¯K"~XDelayBallRPosX£þ±Ï¥��
éX�I¤�±kü«£ã�ª

DelayBallRPosX = delay(subtract(BallPosX, MyPosX)) (5.11)
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DelayBallRPosX = subtract(DelayBallPosX, DelayMyPosX) (5.12)

Ù¥

DelayBallPosX = delay(BallPosX) (5.13)

DelayMyPosX = delay(MyPosX) (5.14)

q~X�E�f3k
�ÿ´Ã��

Z = subtract(subtract(X, Y ), Y ) (5.15)

d

Zt = (Xt − Yt)− Yt = Xt (5.16)

��

Z = X (5.17)

Ï�ÓÂá53ÆSL§¥�Ly´���Ó�§¤±ÏLGØÆS�
J(Fitness) ���Ó�á5§�±;��)ÓÂ�á5"

§ 5.4 ýÿJcÏf(advance)

ïá�.�8�´3Ø��éÃkvk�¥��¹e�âCA�±Ï�|
þ�¹éé�Ã�¥�Ñ´�"�âz±ÏO�Ñ�á5�¯¢þØ´�ýÿ
�±ÏéÃ´Ä�¥§´I�ýÿ�e5��±ÏéÃ´Ä�¥"¤±Ú\
ýÿJcÏfadvance"òz±Ï�á5��advance ±Ï���8�á5£ù
p´éÃ�¥á5tackle¤�'é?1ÆS"�advance¸n K�.´é1n�±
Ï±�éÃ´Ä¬�¥?1ýÿ"eadvance¸0½öadvance<0 K�.´�ä
�±Ï½ö�c�,�±ÏéÃ´Ä3�¥"ùØU��0ýÿ/§�U�0
£O/
"

§ 5.5 ©a�{Úµd¼ê

�
¦�©a�{¦þ{ük�§·�æ^
&EØ��{?1©aÚµ
d"ù´�«'�;���{£ad hoc approach¤�¶�IGdevider"ØÓu�
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��ûüä�{£C4.5¤æ^��á58Ü5?1©a¿�éu��á58Ü
?1µd [41]§IGdivider�^ü��á5?1©a§¿éÙüÕ�µd§¿�
�Ä=�3��~üa��¹"b��~3Tá5���þU
��8¥�©
Ùu,�«�S, Ïéù����«m(a, b) ���&«m§¦���3©�«
mS�Ú«m	�üa��U
¼����&EOÃ(Information Gain)"

&EØw�·�b�,á5Xkm«�U���µv1, v2, ...vm ÙÑy�VÇ
©O�µP (X = v1) = p1, P (X = v2) = p2, P (X = vm) = pm X�&E��µ

H(X) = −
m∑

j=1

pjlog2pj (5.18)

&E��du�ýÿ?¿����Xá5�¤I��?�&E���²þ 
ê"XJ®�X�ýÿY ^X���«y©§ò��y©�na���±��
^�&E�

H(Y |X) =
∑

i

P (X = vi)H(Y |X = vi) (5.19)

&EOÃInformation Gain½Â�

IG(Y |X) = H(Y )−H(Y |X) (5.20)

ù�Tá5�3(a, b) S���ò�©a��~§3(a, b)�	�ò�©a�
�~"y3dy©(a, b)�(J

EX,a,b =

{
true ifX ∈ (a, b)

false ifX ∈ (−∞, a) ∪ (b, +∞)
(5.21)

5ýÿé�¥
´Ä�¥�á5T=true,false�±��&EOÃIG(T |EX,a,b)

Ïéa0, b0¦�IG(T |EX,a0,b0) = maxa,b(IG(T |EX,a,b)) KEX = EX,a0,b0 =�
��^á5X ýÿT ��ZIO"

ùÓC4.5æ^�&Eû�y©�{´éaq�"

éuü�á5�µdòÿÁêâ�&Eû5�z�100§¦^Tá5©a�
�&Eû�Czþ��Tá5�µdFitness"

Fitness(X) = 100 ∗ IG(T |EX)/H(T ) (5.22)
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ù�XJ,á5�µdFitness(X)=0, KL«Tá5vk©a��^¶ù�XJ
,á5�µdFitness(x)=100, KL«Tá5�±ò�~Ú�~��©m"

Ó�ÏL���y¦�á5�E¤�Ø(½5L§§ù��±;�(½5
|¢�{¥�U���ÛÜ4�¯K"
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18Ù Á�

§ 6.1 êâ£ã
server�¹�©�logP¹
z±Ï¥Ú¤k|þè
� �!�Ý§�k

¤k¥
��N��§Àú���&E"

llog¥Ä�a,��é�–·��¥¥
!¥!é��¥è
� �&
E"llog¥Ä�a,���mã–é��¥è
�·��¥¥
ål�u,�
K�(4m) m©��é��¥�ù�ã�m"ù�z�a,��±ÏV¹
8�
á5µ

L 6.1: Ð©á58Ü

á5 `²

OppPosX �¥è
x�I

OppPosY �¥è
y�I

MyPosX �¥è
x�I

MyPosY �¥è
y�I

BallPosX ¥x�I

BallPosY ¥y�I

ëYA�±Ï�êâ�¤��¡ä(section)"z�¡ä²þ�Ý7±Ï"�
|7�±Ï£120©¨¤�'m�±æ8�200�¡ä§�1400±Ï�êâ"�

NyéÃ�ØÓüÑ§5gØÓ�Æ¥è�client�^�éÃ¥è"

¢�¥����yêfold=3"

§ 6.2 &EØ�©a�{IGdevider

¢�y²éuü��á55`IGdevider�©a�J�Ñ`uC4.5"~X
�advance = 1§é�¥
�é¥�ålá5OppRBDist§^IGdeviderÚC4.5©
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L 6.2: ���éÃ�¥è

¥è `²

Everest �®nó�Æ

WrightEagle ¥I�E�Æ

O?1©aÆS"

IGdevider���&«m(1.00733, 1.71551), éA�ØÝ
Xe(Confusion

Matrix)§éAFitness = 85.7"

L 6.3: IGdividerÆSá5OppRBDist����ØÝ


yes no < −−− classified as

95 5 X = yes

38 373 X = no

C4.5��ûüä:
OppRBDist <= 1.71668: yes (137.0/41.0)

OppRBDist > 1.71668:no(374.0/4.0)

éA�ØÝ
Xe"éAFitness = 80.5"

L 6.4: C4.5ÆSá5OppRBDist����ØÝ


yes no < −−− classified as

90 10 X = yes

39 372 X = no
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ã 6.1: ØÓá5��e�)ÿÀá5��ê

ã 6.2: ØÓá5��eÆS��J
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ã 6.3: vk���y�ÆS�J

ã 6.4: vk�ØÓÂá5�ÆS�J
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§ 6.3 advance = 0 �(J±9©Û

ã6.1 ´��ØÓá5���§)¤z�?ÿÀá5��ê"���)�ÿ
Àá5�ê3m©�O���É�á5���K�Åì~�"��Ø2k#
�ÿÀá5U
�3e5§��á5)¤L§(å"

�ã6.2§�Xá5?ê�O�§�Z�á5©aUåk´3�Ð�A?k
���O�§��ªCu½§O�ÌÝé�½öØ2O�"á5��XJ�
��'�$§�Z�á5©aUåòªCu'�$�ê�"

á5��330±þ�§¤U�)��`Vg©aUåØ2k���Jp"
�´�Xá5���O�§�)�ÿÀá5´�ê?þ,�"�����á5
��L�Ø�ØU�5ÆS�J�Jp§�¬L¤�þ�O��m"

á5�E¥XJvk�ØÓÂá5(�ã6.4) òI����á5��(45±
þ) âU��'�Ð�ÆS�J"�ØÓÂá5���á5��330±þÒ�
±��'�Ð�ÆS�J
"�'�e��~�
O�þ(�ã6.2)"

vk���y�(�ã6.3)§�I�é��á5��ÆSµdÒ�±��'
�p�Y²§��X�X)¤á5�E,Ý(level)Øäþ,, ©aO(Ç±
Yþ,, �±��95±þ£�é¦^���y��ÿ�k92¤"ù
Ñ´L·
A(over fit)�A�µ����.�\E,"�,3Ôö8þ�©aO(Ý'�
p§�´í2Uå'��§3Ù¦�ÿÁ8þ�©aØÐ"

L6.3�Ñ
1-4?á5¥©aUå�r�á5"

¥�éu·�¥
�X�IBallRPosXL�
ù���¿gµ·�?ô
¥
�é��Åè
�¥±�§¥¬�������"�ã6.5"Ù¥çÚ
�0x/�L�~§fÚ�”x”�L�~"

þ±ÏéÃ¥�é¥�X�IDOppRBDistL�
ù���¿gµé��Å
è
o´3�¥�ål3�¥���S��ÿuÑ�¥Ä�, Ä�31��±Ï
��1"¤±�¥�c��±ÏéÃ�¥�ålÄ�Ñ3���½���S"
�ã6.6"

BallRDist-DOppRBDistKÓ�L�
ü�¿gµþ±Ïé�¥
��¥�
�Ú�±Ï¥����¬�l��¥
"dd��CSea�{k£ã�mS��
Uå"
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L 6.5: advance=0�1-4?�`D�á5

á5?ê 1

á5¶ BallRPosX

)º ¥�éu·�¥
�X�I

�E�{ subtract(BallPosX,MyPosX)

µd 47.7

`² ��dÐ©á5BallPosX,MyPosX)¤

á5?ê 2

á5¶ DOppRBPosX

)º þ±ÏéÃ¥�é¥�X�I

�E�{ delay(OppRBPosX)

µd 62.9

`² OppRBPosX �éÃ¥�é¥�X�I

á5?ê 3

á5¶ DOppRBDist

)º þ±ÏéÃ¥�é¥ål

�E�{ delay(OppRBDist)

µd 83.3

`² OppRBDist �éÃ¥�é¥�ål

á5?ê 4

á5¶ BallRDist-DOppRBDist

)º �±Ï¥�gC�ål~�þ±Ïé�¥
��¥�ål

�E�{ subtract(BallRDist,DOppRBDist)

µd 86.7

`² ¨
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ã 6.5: BallRPosY-BallRPosX��©Ùã

ã 6.6: DOppRBPosY-DOppRBPosX��©Ùã
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§ 6.4 advance = 1 �(J±9©Û

L6.4�Ñ
1-3?á5¥©aUå�r�á5"�p?O�á5du(��
E,vk�Ñ5"|^ù
á5ïá�éÃ�.Ò�±3éÃ�¥�c�±Ï
Jc�Ñýÿ"Fitness¸90�©aéA��ØÇ��5%, ��ýÿ�IO�J
®²v

"

L 6.6: advance=1 �1-3?�`D�á5

á5?ê 1

á5¶ OppRBPosX

)º ¥�éu·�¥
�X�I

�E�{ subtract(BallPosX,MyPosX)

µd 64.4

`² ��dÐ©á5BallPosX,MyPosX)¤

á5?ê 2

á5¶ OppRBDist

)º éÃ¥�é¥�X�I

�E�{ delay(OppRBPosX)

µd 83.9

`² OppRBPosX �éÃ¥�é¥�X�I

á5?ê 3

á5¶ OppRBDist&BallRPosX

)º éÃ¥�é¥ål

�E�{ and(OppRBDist,BallRPosX)

µd 84.9

`² OppRBDist �éÃ¥�é¥�ål
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§ 6.5 ØÓéÃ�ï�

é�®nó�ÆEverestÚ¥I�E�ÆWrightEagle©O?1�E.8B"
uyadvance=1 �1-3?�`D�á5´�����"�)ÀJÑ�á5Úá5
éA��&«m"��¦�3�¥þ�EâÄ�´���"

§ 6.6 é'Á�

�
NyXÚ�ûÐ5U§ùp�Ñé'Á��(J"ÆS�{æ^ü
XC4.5ûüä"

�advance = 1 §3-fold���y"¦^á58Ü�L6.6"

L 6.7: C4.5ÆS¦^�á5

á5¶ `²

OppRPosX éÃ�é·�¥
X�I

OppRPosY éÃ�é·�¥
Y�I

OppRDist éÃ�é·�¥
ål

BallRPosX ¥�é·�¥
X�I

BallRPosY ¥�é·�¥
Y�I

BallRDist ¥�é·�¥
ål

OppRBPosX éÃ�é¥X�I

OppRBPosY éÃ�é¥Y�I

OppRBDist éÃ�é¥ål

OppVelX éÃX���Ý

OppVelY éÃY���Ý

OppVelM éÃ�Ý��

tackle éÃ´Ä�¥

C4.5��ûüä:
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OppRBDist <= 1.71668

| OppVelX <= -0.284

| | OppRBDist <= 1.17458: yes (3.0/1.0)

| | OppRBDist > 1.17458: no (15.0)

| OppVelX > -0.284

| | OppRPosY <= -0.9647: no (6.0/1.0)

| | OppRPosY > -0.9647: yes (113.0/20.0)

OppRBDist > 1.71668: no (374.0/4.0)

éA�ØÝ
Xe"éAFitness = 80.4"

L 6.8: C4.5ÆS����ØÝ


yes no < −−− classified as

87 13 X = yes

27 384 X = no

CSea�©a�J�±��Fitness > 90 �ã6.4¤§dd��CSea�O(Ç
�'C4.5p"
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1ÔÙ ò5�ó�

3�¥ýÿ¯K¥CSea�,Ny
?n�mS��Uå§�´¤UL��
S��éá£�kü�±Ï��Ý¤"ò5CSea�{AT�åu?n����
mS�",	§Ø
¤^��~!¦�!�!ò´��f��±Ïé#�kd
���f"

– 25 –



�u�ÆnÜØ©Ôö

1lÙ o(

éÃï�´õ�UNé|�Ü©"3êâ�÷¥�E58BU
gÄ
)¤¿ÀJÑk��á5"ù3ã�£O!ÅìÆSù
E,�+�´�
~��"·�0�
�«#�Äuéuª2Ý`k|¢��E58B�
{CSea"ù«�{�^uRobocup v¥Åì<�ý'm¥)û¥
�¥ýÿ�
¯K"CSea�{ÚX
�«#��E�f§ò´�f(delay)§±D����©
a�{±?n�mS��Uå"��ÏL¢�(Jy²
CSea�E58B�U
å±9£ã¿£O�mS��Uå"

– 26 –



�u�ÆnÜØ©Ôö

ë�©z
[1] Kitano, H.; Tambe, M.; Stome, P.; Veloso, M.; Coradeschi, S.; Osava, E.;

Matubara, H.; Noda, I.; and Asada, M. 1997. The RoboCup synthetic agent

challenge 97. In Proceedings of the Fifteenth International Joint Conference

on Artificial Intelligence, 24-29. San Francisco, CA: Morgan Kaufmann.

[2] Huan Liu, Hiroshi Motoda, Feature Extraction Construction and Selection

–A Data Mining Perspective, ISBN 0-7923-8196-3, Kluwer Academic Pub-

lishers

[3] Timo Steffens, Feature-based declarative opponent modelling, Master thesis,

2002

[4] Toyama, K.; and Hager, G. D. 1997. If at First You Don.t Succeed..., in

Proceedings of the Fourteenth National Conference on Artificial Intelligence

(AAAI-97). pp. 3-9.

[5] Atkins, E. M.; Durfee, E. H.; and Shin, K. G. 1997. Detecting and reacting

to unplanned-for world states in Proceedings of the Fourteenth National

Conference on Artificial Intelligence (AAAI-97). pp. 571-576.

[6] Johnson, W. L. and Rickel, J. 1997.Steve: An animated pedagogical agent

for procedural training in virtual environments In SIGART Bulletin, ACM

Press, Vol 8., pp. 16-21.

[7] Tambe, M. and Rosenbloom P. S. 1995. RESC: An approach for real-time,

dynamic, agent tracking In proceedings of IJCAI-95.

[8] Algorithms for Synthetic Aperture Radar Imagery, SPIE Proceedings, Vol.

2757. Tambe, M.; Johnson W. L.; Jones, R.; Koss, F.; Laird, J. E.; Rosen-

bloom, P. S.; and Schwamb,

[9] David Carmel and Shaul Markovitch, Incorporating opponent models into

adversary search In Proceedings of the Thirteenth National Conference on

Artificial Intelligence AAAI Oregon, 1996. AAAI Press.

– 27 –



�u�ÆnÜØ©Ôö

[10] Kaminka, G. A.; Tambe, M., and Hopper, C. M. The Role of Agent-

Modeling in Agent Robustness. In AI Meets the Real-World: Lessons

Learned (AIMTRW-98), Stamford, CT, September 1998.

[11] Peter Stone, Patrick Rily and Manuela Veloso, Defining and Using Ideal

Teammate and Opponent Agent Models In Proceedings of the Twelfth An-

nual Conference on Innovative Applications of Artificial Intelligence, August

2000.

[12] P. Jansen. Problematic positions and speculativeplay. In T.A Marsland

and J. Schaeffer, editors, Computers, Chess and Cognition, pages 169-182.

Springer, New York, 1990.

[13] Claude E. Shannon.Programming a computer for playing chess Philosophi-

cal Magazine, 41:256-275, 1950.

[14] : Patrick Riley, Manuela M. Veloso: Recognizing Probabilistic Opponent

Movement Models RoboCup 2001: 453-458

[15] M. Wjnstel, D. Polani, T. Uthmann, J. Perl: Behavior Classification with

Self-Organizing Maps In: Proc. of the 4th International RoboCup Work-

shop, pages 179-188, 2000. RoboCup 2000 Scientific Challenge Award.

[16] Jan Murray, Oliver Obst, and Frieder Stolzenburg. Towards a logical ap-

proach for soccer agents engineering In Peter Stone, Tucker Balch, and

Gerhard Kraetzschmar, editors, RoboCup 2000: Robot Soccer World Cup

IV, LNAI 2019, pages 199-208. Springer, Berlin, Heidelberg, New York,

2001.

[17] Learning the Sequential Coordinated Behavior of Teams from Observations

Gal Kaminka, Mehmet Fidanboylu, Allen Chang, and Manuela Veloso.

Learning the Sequential Coordinated Behavior of Teams from Observations.

In Proceedings of the RoboCup-2002 Symposium, Fukuoka, Japan, June

2002.

– 28 –



�u�ÆnÜØ©Ôö

[18] Ubbo Visser and Hans-Georg Weland,Using Online Learning to Analyze

the Opponents BehaviorIn Proceedings of the RoboCup-2002 Symposium,

Fukuoka, Japan, June 2002.

[19] Data Mining: Concepts and Techniques Jiawei Han, Micheline Kamber Mor-

gan Kaufmann, Hardcover, Published September 2000, ISBN 1558604898

[20] Huan Liu, Hiroshi Motoda, Feature Extraction, Construction and Selection :

A Data Mining Perspective (The Kluwer International Series in Engineering

and Computer Science, Secs)

[21] Ron Kohavi, George H. John, The Wrapper Approach In H.Liu and

H.Motoda, editors, Feature Selection for Knowledge Discovery and Data

Mining, Kluwer Academic Publishers.

[22] Eric Bloedorn, Ryszard S. Michalski, Data-driven Constructive Incduction:

Methodology and Applications In H.Liu and H.Motoda, editors, Feature Se-

lection for Knowledge Discovery and Data Mining, Kluwer Academic Pub-

lishers.

[23] Ke Wang, Sunman Sundaresh, Selecting Features by Vertical Compactness

of Data In H.Liu and H.Motoda, editors, Feature Selection for Knowledge

Discovery and Data Mining, Kluwer Academic Publishers.

[24] Pavel Pudil and Jana Novovicova,Novel Methods for Feature Subset Selec-

tion with Respect to Problem Knowledge In H.Liu and H.Motoda, editors,

Feature Selection for Knowledge Discovery and Data Mining, Kluwer Aca-

demic Publishers.

[25] Jihoon Yang, Vasant Honavar, Feature Subset Selection Using A Genetic

Algorithm In H.Liu and H.Motoda, editors, Feature Selection for Knowledge

Discovery and Data Mining, Kluwer Academic Publishers.

[26] N.Lavrac, D.Gamberger, and P.Turney. (1998) A relevancy filter for con-

structive induction. In H.Liu and H.Motoda, editors, Feature Selection for

Knowledge Discovery and Data Mining, Kluwer Academic Publishers.

– 29 –



�u�ÆnÜØ©Ôö

[27] Rudy Setiono, Huan Liu, Feature Extraction via Neural Networks In H.Liu

and H.Motoda, editors, Feature Selection for Knowledge Discovery and Data

Mining, Kluwer Academic Publishers.

[28] Paul E, Utgoff and doina Precup, ConstructiveFunction Approximation In

H.Liu and H.Motoda, editors, Feature Selection for Knowledge Discovery

and Data Mining, Kluwer Academic Publishers.

[29] Zijian Zheng,A Comparison of Construction Different Types of New Fea-

ture for Decision Tree Learning In H.Liu and H.Motoda, editors, Feature

Selection for Knowledge Discovery and Data Mining, Kluwer Academic Pub-

lishers.

[30] Yuh-Jyh Hu, Constructive Incduction: Covering Attribute Spectrum In

H.Liu and H.Motoda, editors, Feature Selection for Knowledge Discovery

and Data Mining, Kluwer Academic Publishers.

[31] Joao Gama, Pavel Brazdil, Constructive Induction on Continuous Spaces

In H.Liu and H.Motoda, editors, Feature Selection for Knowledge Discovery

and Data Mining, Kluwer Academic Publishers.

[32] Haleh Vafaie and Kenneth De Jong, Evolutionary Feature Space Transfor-

mation In H.Liu and H.Motoda, editors, Feature Selection for Knowledge

Discovery and Data Mining, Kluwer Academic Publishers.

[33] Blaz Zupan, Marko Bohanec, Janez Demsar, Ivan Bratko, Feature Trans-

formation by Function Decompostion In H.Liu and H.Motoda, editors, Fea-

ture Selection for Knowledge Discovery and Data Mining, Kluwer Academic

Publishers.

[34] Michael J. Pazzani, Constructive Induction of Cartesian Product Attributes

In H.Liu and H.Motoda, editors, Feature Selection for Knowledge Discovery

and Data Mining, Kluwer Academic Publishers.

[35] Luis Seabra Lopes, Luis M. Camarinha-Matos, Feature Transtormation

Strategies for a Robot Learning Problem In H.Liu and H.Motoda, editors,

– 30 –



�u�ÆnÜØ©Ôö

Feature Selection for Knowledge Discovery and Data Mining, Kluwer Aca-

demic Publishers.

[36] Takao Terano, Yoko Ishino, Interactive Genetic Algorithm Based Feature

Selection and Its Application to Marketng Data Analysis In H.Liu and

H.Motoda, editors, Feature Selection for Knowledge Discovery and Data

Mining, Kluwer Academic Publishers.

[37] Liu, H. and Motoda, H. (1998). Feature Selection for Knowledge Discovery

and Data Mining. Kluver Academic Publishers.

[38] Avrim Blum and Pat Langley (1997). Selection of Relevant Features and

Examples in Machine Learning Artificial Intelligence 97:1-2. pp. 245–271.

1997. researchindex

[39] Holland, J. H. (1975). Adaptation in Natural and Artificial Systems Uni-

versitiy of Michigan Press, Ann Arbor.

[40] J. R. Quinlan. C4.5:Programs for Machine Learning San Mateo, CA: Mor-

gan Kaufmann, 1993.

[41] J. R. Quinlan. Induction of decision trees Machine Learning, 1:81-106, 1986

[42] Michalski, R.S. (1978), Pattern Recognition as Knowledge-Guided Com-

puter Induction Technical Report No.927, Department of Computer Science,

Univ. Illinois, Urbana-Champaign, IL.

– 31 –



�u�ÆnÜØ©Ôö

� �

a�oS²P��·�|±��y§±93Á�L§!Ø©��¥��
Ï"a��OâP�3¢��¸þ����å|±"

a��7À!é�+Ú~ÓÆ3ïÄL§¥yq���¦��¿�Úï
Æ"

�,�a�·�O�ålùoÈ±5��·�|±Ún)"

��a�·�I�1���õc5é·���Ú'%"F"·U¤�\�
��b"

– 32 –


