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We proposed a Lagrange Neural Network called LPPH-CSP to solve the CSP. This method is never trapped by
any point which is not a solution of the CSP. From experimental results of the LPPH-CSP, we confirmed that our
method is as efficient as the GENET which is a famous CSP solver. In addition, unlike other conventional CSP
solver, our method is a continuous-valued method and it can update all variables simultaneously. Therefore, we
can expect the speed-up of the LPPH-CSP if it is implemented by the hardware such as FPGA. In this paper, we
extend the LPPH-CSP to treat the linear inequality constraints. By using this type of constraint, we can represent
various practical problems more briefly. In this paper, we also define the CSP which has an objective function, and
we extend the LPPH-CSP to solve this problem. In the experiment, we apply our method and the OPBDP to the
WLP and compare the effectiveness.

1. ;=<?>0@ACBED?FHG"IKJ%L?MON
CSP) P?QKRTSVU?W LPPH-

CSP[Nakano 2004] SYX[Z]\_^a`cbd`fehgjilkmicnf`Yoqpqrslt njuwvEx]yzUlW|{m^l} CSP D|~ Pl�]�mP��[�]�a�����f�� gficn���ehb LwMf�]�]�|�z�cLwM SY{d�����a�a�f�mP��a�P�����P LwM vl�a�j z^a¡mS£¢f¤[¥f¦m§�¨©�w�"��P�QaR|¢aª«q¬ \|W®��h}l¯c°]±[²]��� LPPH-CSP D CSP Pl³[´fµ�QR|¦j§f^ GENET[Davenport 1994] S·¶w¸m¹Yº]»mP��[¥a¦j§^]¡jSlvY¼[½qUh�h} CSP Pl���¾P�QcRm¿]À]{cWwÁ]Â D 0 � 1P�ÃaÄaÅqv®Sd¨©��ÁaÂÆvYÇ|Èd¿wÉaÊÆUhµw¢V�£QÆvEË|Ìm ®^YÍÎ ¢®§m^w}hÏ|Ð|� LPPH-CSP ¦ D ÁaÂ D 0 �_� 1 P[ÑfPw¯ÂaÅ®vdSj¨©�hÒ|WfPlÁ]Âzv[¹hÓ]¿�É]Ê| ®^]¡jSÔ¢|¤h¥|¦j§f^�}¡�P|¡|SÔ��� AÆBÕD LPPH-CSP v VLSI µaÖl¦|P�×fnjØcÙ�ÚÛ ¦]¯[Ü�U���ÁaÂ|ÉaÊ®PlÝfÞ]ßaàqvl¯a�qUc��áaâj�zãz¨ä�a¥P]åYæ]¢[çcè|¦z[^�P�¦ D µ[{w�CSÔéfêcW|{j^l}
LPPH-CSP

D
CSP Plëjìh�jPlí]àmî[µ F[G ¿®ã]�·W L�Mv·�c�a m^E}·í[àfîhµ FcG v�ïq�£Ww�c�a m^c¡|SÕ¿dãm¨©�Eðcñãz�©òa{®�¾\|W]{j^ 2 ó FcG ãd¨Yôcãm¨öõ|÷[îc¿ CSP v·�[� j^[¡|Sø¢]¦dh^Y}cUE�mUY�·¯hù[újPfãm¨©�c¯fîhµ LlM v·�c� j^Õácâa¿ D ô��[SÔÏwû|îhµ FcG vÕü]ý[ m^c¡aS¾¢hÍ Î ¿hµf^Pl¦ D µc{���S¾é]êq�ø\q^E} ~ ¡�¦®¡lPEíaþh¦ D �·ÿ��������FcG v��|êj^]ã��ä¿ LPPH-CSP v
	��[ j^Y}]¡lP�����aP FG v
�������a¡aSÕ¿mãm¨�� B µ LlM vaãm¨©õa÷[îh¿l�c�a j^c¡SÔ¢|¤c¥f¿]µm^l} ¬ �·¿��[í|þ]¦ D ���·î���Âqv����l� CSPN

OCSP) v
 "!mUY� ~ P LYM v�Q�� �$#h¿ LPPH-CSP v%	&� f^·}ä¯�°[¦ D warehouse location problem(WLP)[Scaparra
2001] ¿('|òdU��wx[y�)cRdP�³+*[�zv�,�-f d^l}
2. CSP

CSP
D". êÆ�Ô\d� F]G vEÒ|W"/m�h zã0�øµ�Qzv·Ë]Ìf d^ LM ¦j§C¨©�wÈmPmã0�øµ 3 ó (X,D,C) ¿®ã[�·W" +! ¬ \Æ^l}
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• X = {X1, X2, · · · , Xn}
D Á[Â®Pl³6J�K[â .

• D = {D1, D2, · · · , Dn}
D Á�L®P�³<J$K]âj}�Á]Â Xi

D
Á+L Di P Î�M vONöì+P&Q�Å_SlU�W�S�^l}

• C = {C1, C2, · · · , Cm}
D�F[G Pl³6J$K[â .

ÒdW®P FjG C v�/Æ�a CãR�ÕµcÁjÂ X SqPcÅqP � ¨ � W|¢
CSP P�QVSEµd^�}d¡a¡E¦ xij vUT Á]Â Xi ¢[Á&L Di P j V
�lP�Å|¢ � ¨ � W_�£\C^ ” ¡mSwvl�m &Wdnlo|ÁaÂ SwUw� VVP
(Variable-Value Pair) S¾X�X�}öì�Y�¿ AfBäD CSP P F�G SÕU�W
ALT(n, S)[at-least-n-true constraint] � ALF(n, S)[at-least-
n-false constraint] � AMT(n, S)[at-most-n-true constraint] �
AMF(n, S)[at-most-n-false constraint] vléjêz^�}®¡a¡Y¦ SD
VVP P�³9J$K]âa¦m§f^�} ALT(n, S) D S P&Z�¦�[jµ �lSô n \dP VVP ¢�]|¦fµ&Q�\|ZjµÆ�Eµ]{d¡mS�v Î�^  ®^�}�_P FcG ôY¹��f¿|UYW� �! ¬ \z^Y}
�híaþc¦ D �a¡�Pfã��äµlí[àî[µ F]G ¿�`fêcW]�wÈdPmãa�¾µ�ÿ+�+���+� F[G vEé|êd^l}

∑

crijxij ≤ σ.

¡]¡E¦ crij

D ÿ�������� F]G Cr ¿��[\Æ^ VVPxij P(b[Â|¦§C¨©� σ D  cÂ|¦f§f^�}
3. Lagrange Neural Network for CSP

T ÁcÂ Xi ¢cÁ+L Di P j Vc�·PlÅc¢ � ¨ � Wq�Ô\q^dT©¡fSPY¼]�Æ��U ¬ v·�| �ÁcÂzv xij S£ m^Y} xij

D
0 ��� 1 PwÑaP¯cÂ]ÅzvmS�^l} LPPH-CSP D ÈdPmãa�¾¿� +! ¬ \Æ^l}

dxij

dt
= xij(1− xij)

m
∑

r=1

Wrwrsrij(x), for all VVP xij ,

dwr

dt
= hr(x)− αwr, r = 1, 2, · · · ,m,

dWr

dt
=

{

Wrhr(x), if Cr = (
∑

crijxij ≤ σ),

0, otherwise.

¡[¡·¦ srij(x)
D�F[G

Cr v IhJq¬
e ^���#c¿�Á[Â xij ¿ . ê^�fjv·�a �} wr

D�FcG
Cr P�g��w¦|§�¨©� hr(x)

DlFcG
Cr ¢
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IwJ UlW]{cµ[{�»câf{|vE�a w} Wr

D ÿ+�����+� F[G P"�c¿��
` ¬ \q^
g6�w¦f§|^l} LPPH-CSP P�fc���|¿cÀ[{hW��hÁ[Â DÒ]WaP FcG v IwJ  m^[ã��ä¿lÅdv�Á�� ¬�e ��� FhG P�g�� D]~P F]G ¢ I[J U�Wf{]µa{aµÆ�ÕZ ~ P�Åqv�;qC�ä z^�}d¡hP]�
#c� LPPH-CSP D CSP P�	�
]Qj¿�m^a¡fS·µ � QzvEËaÌf ^]¡fSÔ¢a¦z[^l}wÈf¿�� F[G P hr(x) � srij(x) ¿[ì]{hW���� d^l}
3.1 Cr=ALT(n, S)
ALT
F[G P hr(x) S srij(x)

D È+�j¿®ã[�·W" +! ¬ \Æ^l}
hr(x) = 1−NMax(n, S),

srij(x) =

{

1−NMax(n+ 1, S), if xij ≥ NMax(n, S),

hr(x), otherwise,

where NMax(n, S) = nth maximum value in S.

ALF
FhG � AMT FcG � AMF FcG SÕ{f�E��_mPEí[à|îhµ FcGô�¹��®Plé|ê]Ð]¿®ã[�·W" +!f m^]¡fS�¢a¦®[^l}

3.2 Cr = (
∑

crijxij ≤ σ)¡wP<&� �jP FaG P hr(x) S srij(x)
D ÈdP®ã �Ô¿$ &! ¬\Æ^ .

hr(x) =

{

0, if
∑

crijxij − σ < 0,
1

∑

|crij |
(
∑

crijxij − σ) , otherwise,

srij(x) =
1

∑

|crij |

(

hr

(

x
[ij,0]

)

− hr

(

x
[ij,1]

)

)

.

¡[¡·¦ hr

(

x[ij,0]
) S hr

(

x[ij,1]
) Da~ \��w\ xij ¢ 0 S 1 PÅ®vdS�^·á[âdP F[G r P IhJ v]UlW|{[µ[{�»[âj{fvE�zUlW®^l}æ�dP hr(x) ¦ D �����aÅzvdS�^ xij ¿®ã]�·Whÿ������&� FG ¢ IcJ Uc�®S����[ d^·á[â]¢m§f^�}jUY�®U�� CSP ¿ D T��Á]Â D Á�LzP&Z�¦m��P 1 ìfP�Åzv®Sw^ T�S·{d� F]G ¢®§j^w�

#lÒ]W|P FcG ¢ IwJ  m^Õácâ|¿ D �����cÅdvjS�^ xij ¿dãw�ÕWÿ+�+���+� F]G ¢ IhJÆ¬ \Æ^]¡fS D µ[{[}
4. OCSP ��� �"!$#
4.1 OCSP

��î��EÂdv��]ìjã9� µ CSP N OCSP) vÕÈ|P|ã<�ö¿� $!] f^·}
(OCSP) find x,

such that minimize E(x),

subject to {Cr|r = 1, 2, ..,m}.

4.2 Lagrange Neural Network for OCSPACBED
OCSP vYQ��Ô��#]¿wÈ&�|¦�% ¬ \�^fã0��¿ LPPH-

CSP v
	&�[ m^Y}��híaþc¦ D OCSP ¦w�c�a m^[¡aS¾¢]¦®h^
wahouse location problem(WLP) P�'aòjv�&+ dUlW]ÀC¨©�0�î���Â E(x)

D 3dP bcÂqv��fì�ÿ��mP0��î+��Â�S� d^l}
dxij

dt
= xij(1− xij)

(

∑

Wrwrxij − LHijδ
∂F (x)

∂xij

)

,

dwr

dt
= hr(x)− αwr,

dWr

dt
=

{

Wrhr(x), if Cr = (
∑

crijxij ≤ σ),

0, otherwise,

dHij

dt
= xij

∂F (x)

∂xij

− βHij ,

dL

dt
=

{

η, if all constraint are satisfied,

−ε, otherwise.

¡�P(fc���dv LPPH-OCSP S�X�Xc}f¡[¡�¦ F (x)
D ��î"��Â

E(x) v�3�'�®Uh�"��Â|¦j§f^l}
5. (*)+�, ¿�%®Uw� LPPH-OCSP P *�-[�®v�./®^���#c¿ WLP¿�'|òdUc�h} WLP D ALT F]G � AMT F]G �hÿ��+����� FG ¿dãh��Ww�c�| j^]¡|S¾¢]¦®c^Y} WLP D 0-1 0[Â�1�2 L�M¿dãc��W$ ���a m^[¡|S�¦zc^�P�¦[� 0-1 0[Â�1�2 L�M PYQcR¦f§f^ OBPDP[Barth 1995] S LPPH-CSP P43�5®v76Æ�l�h}8
1 S 8 2 D 30 9�:�S 15 P<;=?¨>9a�C� WLP ¿ ~ \��h\P�)wRdv�']òjU��E±h²mv��mUYW[{|^E}�?�@ D CPU ÓhÑav��mUY�A @ D ��î+��Â®PlÅ®vE�zU�Wa{m^l}CBw�4���[Þ D OPBDP ¿ã[�·W�D���\®��±a²�S�`ae�E�F]¿�>�GzUc� 3 ìfP<H]ç�Ia�C�JLK Uh� LPPH-CSP ¿dã]�·W�D_�Ô\d�l±]²a¦f§f^l}
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1: problem1
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2: problem2

6. M$N
¡aPcízþj¦ D � A_B·D ÿ<�9���<��P FmG v$�qê�^®ãc��¿

LPPH-CSP v�	6�®Uc�h}®¡Õ\d¿®ã®¨©�$� B µ CSP vjã®¨äõ÷|î]¿w�a�j ®^|¡jS£¢f¤[¥m¿]µ®^�} ¬ �Y¿��Eî��wÂqv �mìzã
�øµ CSP v� +!zUl� ~ \zvEQK�¾�"#[¿ LPPH-CSP v�	��mU��}�¯h°]¦ D LPPH-OCSP S OPBDP[Barth 1995] v WLP¿('fòmU��h�[¥�O�P®v76C�l�h}w¯c°]±]²�ãd¨ OPBDP SQ35UYW AÆB P�)hR D Ò]W|P FcG v I�J Ul�<�Õî$�lÂ[¢�R ¬ {lQdvãj¨TS��VUhì+Q J UEW]{f^c¡|SEv·¼w½®Uw��}XW�YfP7Z M SEUYWD �
�hí]þc¦wxhydUw��)hR®vaãm¨©���äPY¯[òaîhµ LlM ¿�'aò[ ^]¡fSÔ¢�[�\��Ô\Æ^l}
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