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Lagrange Neural Network for Solving CSP Which Has Objective Function
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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. [FC®HIC

a5 5 & M (CSP) o figdk & L C LPPH-
CSP[Nakano 2004] & MHINE T TV TV aza—Fh 1y
T =2 ZREL Tnb, CSPIEZOEHOMEMNS, 2
YV a— v 7 REESEHREEME L VS R ERTF OS5
DL DREERIT LI LNTETH Y, 2L OIRENH
FEINTE /2, EBREESED» S LPPH-CSP 1% CSP 0472 fR
£C%H 5 GENET[Davenport 1994] £ 1EEREEOMHRETH
5T L EHERL 1=, CSP ©Z% ORI BWTERIL 0 1
OBEEE & 0, BEEFIRICEHL 205 B2 KT 54
EWH L. —J5, LPPH-CSP TIIZEHIL 0056 1 Ofjo%E
Bz eV, 2 TCOLHEERRHCERT L2 ENHHETH 5.
ZDZ 5 AL LPPH-CSP % VLSI ¥ TON—K 7 =
TCHEEL,, BREOEHOWMSLIE L FHL 858, LR
DA EVBEAFTCEL2OTIHRODPEEZ TIN5,

LPPH-CSP 13 CSP #5003y 2 Ffc & - TR
PRIT L. MEMNRERNE S TRBETAZ Ik, HEk
FLHOHENTHS 2RI LV b &V KIS CSP % KB
TEHZEMWTEDL, LAL, Fitao k0B R R
THEAITIEY > & — RN RGN EBAT 52 & BABIETR D
DTIFRODPEEZOND, TITIDHILTIE, MERSR
T ZHA 5 & 512 LPPH-CSP 2R T 5. 20 % A7 il
xR AT Z 21 & VR4 REE &V IR T 52
EIHEEIC e B, S BICAKRFRLTIE, HMBEEE R - 72 CSP
(OCSP) &zl , ZoMEZ < 7z®i2 LPPH-CSP 2Lk
5. KBTI warehouse location problem(WLP)[Scaparra
2001 ICEAL , REFREOARNEEZ BT 5.

2. CSPp

CSP i 52 6Nl % R TR T & 5 2% kT B
FTHY, KOk H7% 3T (X,D,0) 10 k- TRESh 2.
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X} BB OARES.

e D={Dy,Ds,---,D,} WEBOARES. ZTH X, &
B D, DBEHEE 1 D2 fEie L TL 5,

o C={C1,Cs, - ,Cp} B OHRES.

2Toff C 2T LD REH X ~NOEoH| ) HTH
CSP Ofgl /2%, ZZTC oy % "EH X, WEK D, © j &
HoMEAEV S TohE" 22 RTT—VEKLL, VVP
(Variable-Value Pair) & FE&, D& 2F41E CSP offilfye L T
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] %% %. ZZT S
X VVP OFREATH L. ALT(n,S) 1d S o chl e
b oo VVP BETRFMERS RN e 23RT 5. il
OFRIbRERKCL TEHRIN D, KT, 0k DRGHE
HYZR NS INA T, RO & 5 B RERENZER 5.

E CrijTij < 0.

Z 2T cprij ERIERERGN C ITHN S VVPx;,; ORET
HY, clTEHTHD.

o X ={X1, Xy,

3. Lagrange Neural Network for CSP

"X R D; 0§ BHOMEREIY B THND
@Eﬁﬁ‘l‘g L& %ﬁ?ﬁﬁ% Tij 2?—6 Tij oo 1 DIE D
FE¥AiEE L 5. LPPH-CSP 13RO & DITEHEN B,

” o
[

dCL’i‘ i

dt] = xy(1 —xyy) Tz::l Wrwysrij(x), for all VVP x5,
dzlll}fr = h"'(w)_awT? 7':1,2,“‘ , M,
dWr _ thr(m), if Cr = (Z CrijTij S 0’),

dt a 0, otherwise.
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FRL TORVERNEET. W, IIERERERI D A
MENBERTH 5. LPPH-CSP D HFRICBOTRERIE
2TCofETRT 5 & DIz 2L 3, Ko ERTZ
DHEPNFRL T biEZofiz KELT5. 2ok
®, LPPH-CSP & CSP @ Bfickfia & &7 < fR& Bk
5ZeMTESL. KICEHHID he(z), sri5(x) IS DWTHIA
T 5.

3.1 C,=ALT(n,S)
ALT D he(x) & 5745 () IERRIC & > TRRFE SN 5.

hr(x) =1 — NMax(n, S),

srij(x) = {

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

ALF ), AMT i, AMF & W o oo saER 72 Hl%S
LRADEZFICL>TEETDHZENTE D,

3.2 Or = (Z CrijLij S 0')
CDEALTDHIID hy(x) & spi5(2) 1ZIRD & DITEFHES
ha.

(@) = {
srs(@) = g (ke (21900 = (a51)).

ZZTh, (m“‘m) ¥ h, (:c[ij’l]) EZERZER 2, B0 % 10
iz & 25E50H r OFRE L TORVESVEEL T5.
LFRED he(x) TUE, WFHEE & 5 1,5 10 & > THRIBERSERS
MNFRL 7z e MW T 28580355, LrL, CSPICIE” %
BHIERO P TR 1 Dofiz & 5 7 L S filfhtH 57
DETOHFNFRET HHEINE, WFHEE & 5 2, Ik >T
MIEARERHION TR ST D Z Ll

4. OCSP & ZDf#Ri%

4.1 OCSP
HBEEE #2 & 572 CSP (OCSP) 2Kk & 12T 5.
(OCsP) find «,

such that minimize

1 — NMax(n +1,S5), if z;; > NMax(n, S),

hr(x), otherwise,

0, if 3" crijaiy —o <0,
1 .
STeri] (3 ¢rijxij — o), otherwise,

E(x),
subject to {Cr|r =1,2,..,m}.

4.2 Lagrange Neural Network for OCSP
4% OCSP 2R 1=k T/REN 2 & 51 LPPH-
CSP ZHLERY 5. AW TlE OCSP TRIT L L8 Tc&ED
wahouse location problem(WLP) O Z €L THY, H
MBI E(z) 1 FIE D8R R0 o HIWEEE L T 5.

dxij OF (x

dtJ = xii(1 —zi5) <Z Wrwrxij — LH;;0 813(1’]')) ,
dw,

n = hr(x) — aws,
AW, Wehe(z), i Cr = (3 crijaij < o),

dt 0, otherwise,

— i ——L — BH;.,
dt i Bxij ﬁ J

7, if all constraint are satisfied,

ar _
dt —E€,

otherwise.

Z DF#HR% LPPH-OCSP LML, Z ZC F(x) & H MBI
E(x) Z1ERLL 7-B8¥TH 5.

5. EER

BTERIC R L 72 LPPH-OCSP OR)&RM% FAR 5 2012 WLP
WAL 7=, WLPIE ALT %9, AMT i, #IEREXS
FNCE>TRRT LI LA TE S, WLP I 0-1 BHGEHHRE
WEoTERMMLT B L TELDT, 0-1 BHETHRIE D R
T % OBPDP[Barth 1995] ¥ LPPH-CSP D l#k% 475 /.
X1 &X 2% 30 58e 15 OEIGEY E» S WLP I ZhZh
OFER B =551 2 £ T 5, Bt CPU B2 EL,
okl HEIR Dz EL T 5. £724%51E OPBDP I
Lo THEONERERE SV F LITERL 72 3 DOHEED S
WL 72 LPPH-CSPIC &k > TEONT-FERTH 5.

OPBDP 11
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ZOHRXTE, RATHEREROBHERA D L DI
LPPH-CSP Z¥iiRL /2. Zhic kb, #47% CSP & LV fi§
WP RS 5 = ESEHEIC R . & &I HIBIEZ R &
57 CSP #E#HL, Zh e /291 LPPH-CSP ##iRL
7z. %BRTIZ LPPH-OCSP & OPBDP[Barth 1995] % WLP
WEAL, MERERHMIIZ 4T > 7. HEBEER LY OPBDP & g
L CHRADFRILTCoHMZFTEL, BRBEEDYNE Rz
FORELESFHL T2 L 2R /2. SH0OFHL L T
1, ARESCCIRREL 2FEE L V2 o2 BEICEN T
LZENETLENG,

SEB

[Nakano 2004] T.Nakano, M.Nagamatu: Solving CSP via
Neural Network Which Can Update All Neurons Si-
multaneously, In Proceedings of the SCIS & ISIS, 2004.

6.

[Davenport 1994] A.Davenport, E.Tsang, C.j.Wang, and
K.Zhu: GENET: A Connectionist Architecture for
Solving Constraint Satisfaction Problems by Iterative
Improvement, National Conference on Artificial Intel-
ligence, pp.325-330, 1994.

[Scaparra 2001] M.P.Scaparra, M.G.Scutella:
Locations, Customers: Building Blocks of Location
Models. A Survey, TR-01-18, 2001.

Facilities,

[Barth 1995] P.Barth: A Davis-Putnam Based Enumera-
tion Algorithm for Linear Pseudo-Boolean Optimiza-
tion, Tech. Rep. MPI-1-95-2-003, 1995.



