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Summary

We present resolvent-based learning as a new nogood learning method for a distributed constraint
satisfaction algorithm. This method is based on a look-back technique in the CSP literature and can

efficiently make effective nogoods.

We combine the method with the asynchronous weak-commitment search algorithm (AWC) and eval-
uate the performance of the resultant algorithm on distributed 3-coloring problems and distributed 3SAT
problems. As a result, we found that the resolvent-based learning works well compared to previous learning
methods for distributed constraint satisfaction algorithms. We also found that the AWC with the resolvent-
based learning is able to find a solution with fewer cycles than the distributed breakout algorithm, which was
known to be the most efficient algorithm (in terms of cycles) for solving distributed CSPs.
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R 5 k3 BHETOY 1 XRE resolvent-based learning

171.8  124226.1 100
167.3 217033.4 100
173.9 273823.3 100
186.1 153139.2 100
180.4  249459.3 100

n | k cycle  maxcck %
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3 85.6 40594.2 100
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3
4
oo
3
4

#+ 6 3SAT-GEN 12X 5458 3SAT ThOH A XM resolvent-
based learning

n |k cycle  mazcck %
50 | oo | 125.0 76256.2 100
4 124.7 377179 100

5 113.0 49770.3 100

100 | oo | 215.3 233003.8 100
4 387.9 311048.8 100

5 216.0 171115.7 100

150 | co | 275.3 399146.6 100
4 595.7 522191.2 100

5 255.5  246534.5 100

# 7 30NESAT-GEN 2 & % 4 #( 3SAT ToOH 1 XRE
resolvent-based learning

n|k cycle  maxcck %
50 | oo | 1404 64011.0 100
4 130.8 38892.5 100

5 128.9 46611.6 100

100 | oo | 1554 81086.1 100
4 167.8 68777.9 100

5 162.8 84404.4 100

200 | oo | 263.8 294334.5 100
4 265.7 181491.7 100

5 272.6  290999.9 100

THEOMEEET L, WEICET L T R4HIE, BEERE
WX BB EHO R DO LT B0, WK [Hirayama
95| DFEL ALV oy MO EET LI -V Y
MNEATA Y = V@BEEIT > TERREE LM BT
B2k, BN ECBC TR R B2 98c] 12
Moo 728 & =Y BT LA 7 7 ME [Morris
93] #EATT 5 CERBFHOEAZ BIFTax Mz
LEHETH) TED2HTHA. ZORE, HREEOFH
ELT, 7T X LADOZEEWIIRIE S NGV, #H
AT AW RMEI L TFICAERTH A Z 1S
NTw5 [k 98c.

Z 2 TIE, A AFRE D resolvent-based learning % F
W2IERIAEE T 3 v M A Y MERT VT X4 (AWCH
Rslv) &7 v 4 27 i (DB) OMfeL BT
%, KB~ K0 IKHRERTY. RrobhrEY, F

7 B 3EMEIIELT, TOERTHWSHRTLAYT
TR [HRE 98] DEBRTHW/A b L IZETELZS. i
2T, HPDOEAR% nogood B TEHEL TWADITH L,
BEZETIIERRTEMTERL TVA, EE, 73 alET
BRIEDOHBRVERIELNS,

AT mfEs e 15% 2% (2000 3 /)

®8 SHIEHMBEIIBILITRT VAT Y NEEDKEK

n algorithm | cycle  mazxcck %
60 | AWC+Rslv(k =3) 85.6 40594.2 100
DB | 164.9 7730.0 100

90 | AWC+HRslv(k=3) | 126.4 76923.5 100
DB | 282.1 14228.5 100

120 | AWC+Rslv(k =3) | 171.8 124226.1 100
DB | 522.4 26931.5 100

150 | AWC+Rslv(k=3) | 186.1 153139.2 100
DB | 523.7 29207.0 100

£ 9 3SAT-GEN IZX B3 3SAT B A58 7TV A 7T b

EE DB
n algorithm cycle mazxcck %
50 | AWC+Rslv(k =5) 113.0 49770.3 100
DB 322.6 6461.3 100
100 | AWC+Rslv(k =5) 216.0 171115.7 100
DB 847.2 19870.8 100
150 | AWC+Rslv(k = 5) 255.5  246534.5 100
DB | 1257.2 31717.2 100

% 10 30NESAT-GEN |2 X 2538 3SAT 2B 2587V A 7
Ty MEEDOLER

n algorithm cycle mazcck %
50 | AWC+Rslv(k =4) 130.8 38892.5 100
DB 690.1 11691.1 100

100 | AWC+HRslv(k =4) 167.8 68777.9 100
DB | 19174 38210.5 97

200 | AWC+Rslv(k =4) 265.7 181491.7 100
DB | 5246.5 117277.4 69

FAgEa I v b A ¥ MERT VT X AL, &K nogood
F v 7 BBOHBH (mazcck) WZELTRSHRTLA S
T RELYLEBD, A 7V (eycle) ICBLTIE
BRTWwWbEVZ 5D,

EBIZIZEE LD TN TY) X LDRRAI L DS ) 9?
FO%ZIE, TV FORFEEOIA ML T—
Vv MEOBEI R FOWIKITFT AL ELOND. T
bbb, TV MHBBEOIA MLV D
WERRHE T A MR THIcRETE, 4 7 v E
DETENRTWLIERPFEI I v b A ¥ MERT IV TY
ALDFRRNBHTHALEZONE, —F, FOHET
HNiL, &K nogood F v 7 BIEOEMOME CHENLT
VAT VA 2T NEOHPRIFWIZEEZOND,
FD78, SEEBFTRT NV T X LDPETEN LB
IZEbETHEEENGT A EPHENLERTH L
EEbL,

5. FE&HESEDORA

A LT, FERMTEI Iy b XY MEETVTY X
LB B H L v nogood FH % TH % resolvent-base
learning # 4R E L, ZOMEEFME TR 072, TOFRE,
ZOF LV nogood EFHEEA VLI LIZLD, HTNV
TY) X LOWREIUEINS Z LATRINTL.

BBIZSHBOBEYBRS. SHOFNERTIE, 1
I—Vxy b 1EKE L OHMELZ TR L L2,
12—z b EBOEE % b OME [Armstrong 97,



SEHIRFCRIZ BT % nogood FB DR

Yokoo 98b] 124 L CTd Z D nogood FE % BHT 5 Z
LRBESHTHL. 4%, 20X —HKWEEEIZBY
TH Tl z1T% 5 LEVH 5.
REmOHTH sz X 512, nogood BT, §XC
? nogood X FLEKT B L FDF 2y ZIZh MBI A b HiHE
KDLV MESFET S, 40, 52487 % nogood
DY A XIZERR E 2% E L, 4 X kLT nogood 72
JEEEFTHILIILD, BOMEIIBVTEDE
TEIRETREVRIRBROTFTH Y, 4BHHT
BYLENHL., T, FAXUHNOBERZEEIZANT:
BROTEEEICOWT ORI T 2LENDH .
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