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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©¤"
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§ 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)

– 13 –



�u�ÆnÜØ©Ôö

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

– 16 –



�u�ÆnÜØ©Ôö

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"
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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"
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