
Simulated Annealing Programming Using Effective Subtrees

Yuichiro UEDA* , Mitsunori MIKI** and Tomoyuki HIROYASU***

(Received October 20, 2008)

Simulated Annealing Programming (SAP), an automatic programming method, is an extension method of

Simulated Annealing (SA) that allows SA to handle tree structures. In this method, the point to exchange is chosen

randomly, and the subtree to insert is also generated randomly. In this paper, we propose the method that finds out

effective subtrees in search and that uses them to generate subtree for inserting. The proposal method can perform

search more efficiently than standard SAP in Santa Fe trail problem and Symbolic Regression problem.

Key words � automatic programming, program search, genetic programming, simulated annealing, effective

subtrees

��������� �
	���
���������������
���������������������
��������������� ���!�"$#�%'&�(�)�*�#,+������
-�.�/�0�1

243457698 :7;9<9= >7?9@ ACB
D E7FHGJI9K L MON9P9I Q7R9SUT4V9S9W E7R9S

XHY[Z]\_^_`ba_c_d]e_`bf_g_h]i

1. j�k�l�m

��no&oprq�s���t�u�v�w�x�
y��������z�{�t��}|�~
� t�������	�����|�w
x�	��

������
�}����q����
���,���$� ����x���� ��� ������������� ���������
z����� �¡�¢�£�¤ ��� x�
���������¥���¦�§�q���no&
p ��¨�© ��ª�w
x�«
¬�z}¦�­�z�
���������t��¯®�°
¡���|�w�xy��± ����� x�²o� � ��x��}��q�«�¬³z�	$�

��������³����q�´�µ,±�¶r���}������
������o�����
·
Genetic Programming: GP ¸ 1) ¥� ��³!o"$#�%'&o(

* Graduate Student, Department of Knowledge Engineering and Computer Sciences, Doshisha University, Kyoto

Telephone:+81-774-65-6921, Fax:+81-774-65-6716, E-mail:yueda@mikilab.doshisha.ac.jp

** Department of Knowledge Engineering and Computer Sciences, Doshisha University, Kyoto

Telephone:+81-774-65-6930, Fax:+81-774-65-6716, E-mail:mmiki@mail.doshisha.ac.jp

*** Faculty of Life and Medical Sciences, Doshisha University, Kyoto

Telephone:+81-774-65-6932, Fax:+81-774-65-6019, E-mail:tomo@is.doshisha.ac.jp

)¹*¯#º+��¯�¯
¯�¯�¯���¹�¯� · Simulated Annealing

Programming: SAP ¸ 2)
��»�¼½��� ����x��

GP
�¿¾yÀ ��z�	r��
��y�����³���¿´yµ � ��xy� GP

q¹�¯� � §¯Á�Â ��� �¯Ã�Ä�� ADF3) ¥¯ÅÇÆ /�0¯1�È
É ´¯µ 4) ��Ê¹#Ë(�q¹Ì¯��Å¯Í�¡¹Î¯Ï½ÂÑÐ�Ò 5) zÇ{�¡
«yÓ³��������q .�Ô�Õ t�Ö�×,¶$����x��Ø¶���¶ GP

�
� �}��� ��Ù�Ú ¡�Û � ��
����y����q�Ü�Ý�Þ �³ß ��¡
à�á w�xãâåä���#�pçæ ��è ��x���ä���#�p � ����q�é
ê ¥�Ö�s�ë�ì�q à�á ¡�Û�z � Ä�� GP q�í á q�î�ï�ð
± ��� ����x 6) �



� � SAP
� ��ä���# p�q È è������ ��x�Ð�ÒÇt��

��z���´�µ � ��Ä����	�,��¡�«yÓ³� »�¼,�$� ²�� SAP��� äy��#�p ��è �³x���±³z�Â GP ±�
���q�
	� ���
� � x 2) ��¶���¶����	��q SAP ¡�Ã���x�������q è�	� µ�¡	��¶$� ���	�����$� ��Ã,���������	����¡ è
� ¶$² /�0�1 ty���	�y��¡�� �,¶$²yÐ	!�ðo¡�"	#�wox
� µ � ±�� � ����x�����q�²o������� � .�Ô ��¡ Ù%$
z���&���
 � ��x��
' � �	( ��� ��� ������¡ -�. z /�0�1 · )	* � -
.¯/¯0¯1 ±,+.- ¸ t��¯�0/¯¡ É Û0�¯Æ¹w � µÇt2103¹�
� � t è � w�x /y0�1 ¡³£,¶r�	4��yw�xy��± � � SAP
q�����
���q .�Ô�Õ t�5�x��

2. 6�7�8�9 ��:%;½�=<�>��@?�A�B�C	D�B�E 7 A�BF
SAP G

SAP
� � SA t 1	H	I ��J 3�x�«�¬�¡�K	L,¶$²�´�µ� ��x�� )�M ¡ SAP q�)�N�O�+�Þ���t�P�wØ�

STEP 1 Q�R�S q è �
Q�R�S t���������¡ è � ¶�� ' q�T�U�t�s½¬ �

STEP 2
è ��V�W

×	Xoq S ¡³£,¶$� GP q�Y	Z [	\,±�
�]�q�^�ª�t³s
¬���± �	_ ¶$� S	`	a t è � ¶$� ' � t�T	U�w�x��cbd �o¡ � Fig. 1 ¡�P'¶$²o«o¬³¡³��× Xoq S ¡³£,¶r�o�
�	����¡�Y	Z	[	\�ð · Ð	!�ð ¸ t��	�,¶$� ' q�ð�t�e
±$w�x /�0�1 t�f	g�w�x�� ' q�h��Ø���	����¡ /�0�1
t è � ¶���f	g½¶�² /�0 ¡�"�#�w�x��

mutation point
randomly

select delete a subtree  insert new subtree

generate randomly

Fig. 1. Generation Method in SAP.
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Fig. 2. Test Problems.
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Fig. 3. Algorithm of Proposal Method.
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Fig. 4. Probability of Success.
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Fig. 5. History of Program Size.
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