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WE 4 m A i R AL (partial maximum satisfiability problem, PMS) A& % A B[ i# & M [7] 7L
(maximum satisfiability problem, MaxSAT) &z {15 71, £ R £ 4k F 52|z A. B, £
VWG 7 E PMS KRR Rk, Ex A& THANE RN PMS HERANHAREM E, AXER
B — A M FER ALY & 77 % (structure characteristics partial MaxSAT, SCPMS). & 4,
KB 5 T B AN 4 & B #1248 M R AE 32 2 4 PMS [ R P B 500 F A1 o B B0 4, AT A 28 T
ZHMABBETTAEREATHEAT R RES 6 EWEENEAIE R385 Kk, WH 0T
AFRANAETEBEREREAAFNEE T THFREAELE, 6 THARENEEL YL ESR
&, AR S EEALE REKABERE. LRER KA, & HH SCPMS 5 & # 897 & i DeciDist 1
DistUp #8 tb, 78 2 T A 27 5] L (model-based diagnosis, MBD) #y T 527 +, SCPMS k1% 891
BRI T HAHABRARENRD.

XA PMS, BnEH, AT R M E A, MAE R, ETHEA W

1 515§

SAT (satisfiability problem, SAT) A @& 4 1) NP 584 A, MaxSAT (maximum satisfiability
problem, MaxSAT) 1] //& SAT L4 %11, PMS (partial maximum satisfiability problem, PMS)
7& SAT A1 MaxSAT jil B IZ ALRRCAS. FEBLSE S shVF 22 0] AT LAY o PMS ). £ PMS i &t
o, PRI R A AR A, ) R bR B B — AR B ) A B, AR I A ) A A2
BT A RN BOA B oK. AR SESEM v R0 43 BT R MR 5 R RS AT RO TR L RE 2 RN
AR LA . H AT, PMS [ B /0 2% 6 b 8 B2 o) @t i) g I Ta) 3 I L A5 4052 . PGA B Al
RS I &5 1) 8 L2 45 AR U 1 R .
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1

PMS S0EE 2 N 58 & SR B & H%. e & SRR 7 AL — AN 2 I A TR RO, 15 H BT
SEE BEVEAE TN KU (112 W S0 I AN BB FE G 2004 BRI ) 45 31— N R i, A 584 PMS BIEAR
RETRIEAS 3N — A UL, 5 RERE 7E & BRI 1A) A R BI — AN e e (R AR, DTS AE S 1) SR g aod 5 o
W) VZ R, PMS 56 4% HE 1 — o0 K F 40 SO IR BE g 01 S8 — 4y Sk R AL Tk A A
SAT SRS 6~1 AR5E& R PMS F0EEERA R RIINE. 2014 F 207, K65 T &
I PMS ByEZH PMS Febs Ay B B 5 K v] 3 2 1 L (weighted maximum satisfiability problem,
WMS), M8 ) MaxSAT Jaiif 8 R AR M, CCLS Hik 23 TR R ari R L. 25
[¥) Dist FVEIRW T — 20w Fu i 2k, BIR R ECRE 76 (1 DX, it L 11 PMS R R, 2
J&i, Cai 4§ M2 @ B o0 ¥ A A% 7 S 58 R AE 1 A AR TR AR FB IS, $2 T Dist BE R Sud ik
DistUP Fl DeciDist, # AR R T Partial SAT SRAE S 7E— L8 BEALAT N TS24 SR e L. =
FETAVAZ W s b, X AN SRR SR AT 15 adt [12~19],

AILAEFRST 34T DeciDist HIER LR EIEH — PS5 MR ER R PSR AR T (structure charac-
teristics partial MaxSAT, SCPMS). fE DeciDist Hi%E 4 R BH LR X R 22/ I, XIS R
(D S, SRBNRARAR AT REME /N, ASCE I SCPMS $2H T MBI IRRS. 25—, RZE Tz Wil
B GERFAE, DUSEAERE T A) b I AR B v — 4 P 28 A0 ) IR UE iR ZE R Byl FR 2 5 PMS ¥
SRR R . B, O T IR B LA R A R, RAEE S T AR B — AT ) B 2R AR R, SR
Mol e i1 A PHLZE AR R BE LI R AL BESEmE, 4 1 BEAAE R W& AL, HEMI$ & 1 Partial SAT 3K
fift i FRD SR AR RSOR

2 FREENR
AT F B AR ST B A HTR.
2.1 SAT [g)5a

A AR ol SR — e A SR

EXL (Lol W TARES {21, 20,23,...,2,}, LT Q; BRELRE v; HHEXRNEE —a;.

ENX2 (TAI) T4 ¢ BT Q; MIHTHL Q1VQ2V -V Q.

ENX3 (oo ra) o) 74 o P RAS—ASCF, BN LT AR — MR oy ETENT
E ).

EX4 (FEGEE (CNF) 191 ONF 2 FHIIAR: CLACo A+ ACh

EN5 (Arfnli R 07y ST EH M AMERAERNES, AR — AR B RIE,
=R A @ FE B, MIFRZ i B T R (SAT), WRAAFIEXFERIBE, AR
SAT Ji) @A H] i 2 (UNSAT).
2.2 PMS [g)f#

MaxSAT i@l j& SAT [a) @l i 4 i iv) @, e H A2 4 31— H BB 8 IRAE 45 -5 BE b 2 1+ 6)
iz . PMS B HAR &, 31— HRE, (55 0A B pkm 2, IF B e i 2 8 H 4.
NHAE PMS HAH M

ENX6 (f7H)12) 7 CNF 0 JUNE KT,
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EXT (a2l fE CNF Ha] AN E 1 76).

EX8 (RIufefk 10) AR TS AR TA O, WK LT AR D B E 2R T AR T A
M, MBS 107 A0 2 Sl 2 78, XTS5 78) -C AT e R4S, fEIRgs i by
B ) B0 1A, IRREET R S0 T AN B TC T R) BA B, BRI RN Boe ARk, A B K ot T
AT AERRI, BT R AR,

EX9 (BT 12 REE— R4,

EX10 (Fpoya) ) Qs — AT iEerA).

£ PMS R, — 7RI E SONBET4), 53— &R0 TR0 SONECT A, P I BE 1A) 4
e, BT A AN 2 B H IR B /MU, sEFR PMS $R 8] 7 — R AL

2.3 PMS EEKf# MBD o]

EN11 GETHAZW (MBD) 18]) - FHR 2 W7 ) 8] U — > =Jt4l (SD, COMPS, OBS)
kR, Hdh, RGHIAH SD o, AR COMPS KEx, REGMIMNER OBS kLE, /I
W RGN S TARNES. KREPAMNL c HMdETH—A—J0iEH AB @ T4t ¢ &
kR, Bl AB(c), BAE N 1 AR ¢ R Hm .

EX12 (LWifk 18 HHAEHNES o € COMPS, ffifF SD U OBS U { —abnormal(c) | ¢ C
COMPS — A } 2020, MRS N — N2 Wi,

EMN13 (HNWifg 18)) A —NKT R4 (SD, COMPS, OBS ) HI— M2 Wif# A, H A 1
R B TR KT RS (SD, COMPS, OBS ) [—MEWiiR, TFRZE Wig Ntk NS W .

A 1 A B A4 MBD R PMS R RG24, A
A1, ASCEFHH {Ny, Noy, N, ..., Ng} KFEox 6 MBS, <77, «87, “97, “107, “117 4 HlFER
RGAN BN 7, “127, “13” il RGN HAS R, <147, “157, “167, “17" hlFR 4N

wenf SR 2 B v A AR R AR 1A R R ER LA T A K 1) 8, MBD i 1 ZH 1 AR
NSRS N S AR AR wenf SCIF ARSI T A A, AR R AR T AR, A N e
A i R T AR, FRITAR R <17, <27, “37, “47, <57, “6” P lFRINAAE {N1, N2, N3, ..., Ng}.
wenf SCPFARRATHE AN — XN RGEHEAHIR I 7, BATER — DR TRIRCE, TR
LL o 4R % RIS BRI OK wenf SCEFUHR Fs.

£ wenf M SCAF P R GEHR ] 2 A wenf TR G RRWT:

7-7-9-1410; 771410, 79141 0;
7-9-10-1620; 791620; 710162 0;
7-8-16-1530; 781530; 716153 0;
7-14 —15-1240; 7141240; 715124 0;
7-15-17 -1350; 7151350; 717135 0;
7-16-11-1760; 7161760; 711176 0.
F TS R AR A 77, 987, <97, <107, “117 FIREIIME 43 S A HSE . E . E
L AKHRE L ETHSE, 2R GRS U A <127, <137 IRDULIME SO AR R
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1 fH/REHE

Figure 1 Boolean circuit

. T wenf SCEEAR S H S I A <127, <137 BB R E T AR ER P, RIHZ RS i
ARG AR, WA S NIER, BNCNAEL TE wenf SO RIS b A2 AR 3R 43 ) R
wr:

7-70; 780; 790; 7-100;
7110, 7120, 7-130; 1-10;
1-20; 1-30; 1-40; 1-50; 1-60. (1)

XF1% wenf SCAFRAF I — AN B ARARRD 9 MBD o] /@ ¥ — AN RS i

3 ETHEEEKE PMS ElEEE

HF PMS SRAF o) @3 25 MRk, 2016 A1 2017 4E Cai 25 12:15] B[] DistUp M1 DeciDist 5i54%F
Xof— R FEALAT N TS () SRR AR A B B AR T, T Tl SRl & MBD )8 5, SRARBCRAK
R RRTE. AT A DeciDist 15 E EAR R PELHIR .

3.1 DeciDist AT ERHE

AN E AT ICIE (decimation algorithm) MO Fl &8 2R 7% (local search algorithm) [20]
ISR A PMS A% DeciDist 5895, %5000 Dist HAEAT 124, X1 MSEs ] PMS 5k
(ZESTESETIRN 5 I &

B g MR ER R SO S (T X SR AT R

RN 14 (B4 (hscore) 12)  BREEAS I o J5, B AU T4 UMD (BB BUAED). B0 25T i R
T A2 AR D 2 BORE TR B RCH (BUE) I o A AN 2 R (BUE). 35— A2 R A RE 73 %L
KT 0 1, BRIz B2 T ARG TR AN 2 TR (BUEAUE) 22D
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EX15 (B HL (sscore) 1) BHHARR: o J5, #0027 AIREH (BUEBUE). BUESEF T A
AT R BT R E . (BUE) B B 2 AN B (BUE). 35— AR R B
KT 0 0, B ZEE SR T RS R AN THREHE (BUEaiUE) 20

EX16 (THEFNG (HPAWS) 1)) fi ] — MRS R g 52 15 1 I B sl al AL AR AE
—EMERAE T, X AR E AT 1R TR, BRI 1, W T ARCEE R T 1 A
AL A TR, T RIBCEE N 1.

XS I TR PR NS R, TR IE B 2R B AT IR, 2R AR A BN AT
g, AEREAT TR FR R TP 7 A AR 7 R 0 P AR B, 38— AT U A% 3%, A A7 AL — M LT T
), WRZAE BT 1 A0 AR SR AR B AR FOR S oo %4k, BRI B AT o0 1A E. fERERIC 16
BEAT G AL AR 2 Ja T AR HEAT B TC T RO UA% 3, T8 500 1 A0 AEE h B0 SOWE 1A B 2L
BEATRENLAIBE (0 B0 1).

Joy A R A AR SR A B L R SR B R AN AR R (B ) O B B, AT 15 1 R AR AT
B 2SR R A R R s R R R KA TE T

o HAFERE P HUCRT 0 WAL E, BWRERMF 2R E S PR SR TRBE RV, 5] SRR —
AT A I, DR, 20 o K A2 A e Rl

o HAFAEMPEONT 0 IR, WALEHEHR BT 0 AR ETHIE.

o HMAMFAEMD BT 0 MR, NAFAERDERT 0 AR, BWRERRBA TN, Ik
I, A RE TR RS IR AN L BT, WIDLSE AL £ — AN 2 B R AR B AT S, U
B — AN R TR Th A R AT R

3.2 DeciDist &%

N T G REMEA DeciDist 5ik, FATE B4 DeciDist FIEAH I TE (WL 1 FR).

E3% 1 Decimation(F)
Input: A CNF formula F

Output: an assignment of variables in F’;

while 3 unassigned variables do
if 3 unit clause then
if 3 unit clause then
Hard_unit_clause_Propagation();
else
if 3 soft unit clause then
Soft_unit_clause_Propagation();
end if
end if
else {7 unit clause}
v <— a randomly unassigned vars;
Assign(v);
end if

end while

Byl 1 Hard_unit_clause_Propagation BRI A 1) HEAT B OCAR R, X TR AR R ER T
THRJEARSE TR IC A AL 3. T8 oA SOl G 1 — e AR A B T 1R R AT AR, TR
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TeT R DR AR R K e T 6, [N 1 — S AR R KON E o R T TR R S
BHIBENUBAA. 456 T 7CiEA R A R 55 AR Y DeciDist FUAHIR NS 2 Fiok.

&% 2 DeciDist: a local search algorithm

Input: PMS instance F, cutoff, wp, t, and sp;

Output: A feasible assignment « of F', or “no feasible assignment found”;
1: ax < Decimation(F);

2: costx +— +

3: while elapsed time < cutoff do

4 if 7 falsified hard clauses & cost(a) < costx then
5 ak < Q;
6: cost* «— cost(a);
7 end if
8 if H < { z || hscore(z) >0} # 0 then
9 akx < q;
10: costx < cost(a);
11: else
12: if S+ { z || hscore(z) = 0 & sscore(z)> 0 } # 0 then
13: V' < a variable in S with the greatest sscore, breaking ties randomly;
14: end if
15: else
16: Update weights of hard clauses according to HPAWS;
17: end if
18: if 3 falsified hard clauses then
19: ¢ <+ a random falsified hard clause;
20: else
21: ¢ < a random falsified soft clause;
22: end if
23: if with probability wp then
24: v < a random variable in ¢;
25: else
26: v < a variable in ¢ with the greatest sscore;
27: a < « with v flipped;
28: end if
29:  if costx < SUMWeight(soft clause) then
30: return (costx, ax);
31: else
32: return “no feasible assignment found”;
33: end if

34: end while

S 2 WSS 1M 2 AT 3] — HEMH AR &, cost® 1R G AT R R BRIMRES, A2 7K
FUER. 7% 2 (15 8~25 173K DeciDist HVETEEBEAL 8 TR 1 8 K X772
4 HELHMFFIER PMS 757E

% 3 WA T EOHT Y PMS SKAFSEIE DeciDist, 55 Dist SIEM EE, ZF 0l 0o M 3k o0 1
A, 4£ PMS T2 W SeE R il EABORS0E. SR10, T2 Wrse il v i 7 AR BEIE AR 2 A K, i
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T 2 [ SR T T RV RVRE 36 0 2 TR, 5 R P T 45 KT S, M 1951
A G S RAR PMS L, T AT HE AR RE AR B SR AR, (7R S RO HCT 60 B0t — B
b, FTHSTE SCPMS S Y i B 0 Dy ISR,

4.1 WX

FL I P A2 A i AN R R XA, SCPMIS 332 R A Y PMS 1) b2 W S 9l i i B AT
FERMGHIRHIE, A A A AR SR G5 MR T AA AR RORSE, Dy 7 S0 ugtRe SCPMSS 50, Jfigs
AT LA E

EXLT (FHFAE R TAE) ARG TRE U M RIS TR0 AME D Uy A Uy, 3R ER
Hrp—#EHIT 5] Uy I, THI5E {U — U} 2RI 2, WIFRZ U 9 FRFIE ] & 1R 4.

EX18 (THPHZEAR) X%k U SSHRF LN, K oot S 2] 7A) 4R {U - Uy}
HAFE] U, PSR IR, A ZIRME S U, 2R ERE (IE5) A, WFRZA R %A &

EX19 (WELRE) A% U D, AR X FTRRIIETA C; b, X TETA ¢ PHBLTA
AR X MR OV RE X A EA .

EX20 (BRPHZEARR) & ARG 2R M IER R WAL AR, SRR T il
B, WIFRIEA AR B — NP FE AL

4.2 CSV &

fE45 H SCPMS HILZ A, e HFHRKPHZEAL T CSV (choose soft-blocking vars, CSV) k.
BRI H bR R 0k BB ZE AR B N B BB e AR BB A vh 2, IR MNZBAA. Bk 3 RAZ AR
TRAHHIA.

Bk 3 CsV(F)

Input: a CNF formula F

Output: A choosedSVQueue;

1: while DPLL(F) has a conflict do

2 New CNF formula F <— chooseHClausedel(CNF, DelHClause);
3: end while

4: Vars < DPLL(F);

5: choosedHVQueue < Compare(DelHClause, Vars);
6: while choosedHVQueue is not NULL do

7 V « choosedHVQueue.pop();

8 sv < ChooseSClauseVar(v);

9 choosedSVQueue(sv);

10: end while

11: Return a choosedSVQueue;

MELEE 3 (58 1~3 47k — 4 B 50 TH) (DelHClause), Wiz 48 ot ARG, TAI4ERE
HE|— AR E R, 158 TS 74 (New CNF formula F) J& A3 2 1. L, SCPMS 5.y H)
JE AR EE M RHAIE B .

B 38 A AT B AT R AR, BRIREN Vars, B MEFCT AR RN R,
5 173k DelHClause AR & 506 IR Vars HRRE AR &, B — A A&, BIHmA
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1

choosedHVQueue BAFIH. 25 6~10 17X T8 —/Mf fHFEAS &, MR P A PH 2240 & T EH) TR 8, NI
A8 JE AR B R BIAE KPR TR A AR B, BVERPH 24 & K5 15 31 1Y — 2L A PH ZE A5 B TR AR

4.3 SCPMS HE*

FERR TR IR, Bt i SCPMS ik 2R b B 17/ % U 2D U
MUy, xF Uy WA DPLL 532, fTLMS 2| A 20— AR ERME o, T — 228 L3 U, TFAE
A&, LLEE Uy SRR o ACE IRE, HAHE, W BZE R AL B U HARR Il 1A
AN A, A, W U o — A — MG R BT R b 138 7 BRI, SRR ) Ry
A J oL L 28 A R 0k Y A PH ZE AR AT B K — AL ZE A R AR 2 BRI AR B T 1A L
S TR TT T AP BEAT BT B4R, KR 5 R a0 R A ZR R X AR A T P A2 b AT AL, AT
B, ZFIRRH R L 4 PR,

Ek 4 SCPMS(F)

Input: a CNF formula F}

Output: An assignment of variables;
1: Q + CSV(F);

2: while @ is not NULL do
3:  var ¢+ Q.pop();

4 Filp(var);

5: end while
6
7
8
9

: while unpropagated Hvar do
UnitPropagate(Hvar);
: end while
: while unpropagated Svar do
10:  UnitPropagate(Svar);
11: end while
12: while 3 a var unassigned do
13: Assign var with a random number from 0,1;
14: end while
15: LocalSearch();

L 4 BB 2~5 AT KRB R H 28 AR B ICREAT BAS, 26 6~14 AT A BRI AE F. o0 1 A) L
56 TR TT T A RO AR CGBEAT A BB A% 4, X T B o A& F8 o REEAT 2 B AR BEEAT REALRE. 28
15 AT REIRAE 2 5 B T3 A2 Al N JR AP 28 B 2, A4S LR (PR 1) PR 8 i ol IR Sk 2
A f5 21— 41

5 SCIRZER

AT B SCPMS 5 Cai 2532 Hi ) DistUP M1 DeciDist 53E LA AE MBD Tl 524
FRIUBLF A TR RS WPMS AT LR B A 1K B MSE2016_PMS _Industrail H1 ()
258 /NI T RS W AH O B S, AR S5 A 44 IR UEEAT A 2 LA SR B 2 Ubuntu
14.04LTS, Intel i5-3470 3.20 GHz x 4 433 3.8 G WAE, WATEIEH C++ SEH, iy 2Rk A
g++ K “03" BHL
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#* 1 SCPMS EZHKMEIER
Table 1 Solution of SCPMS algorithm

Benchmark # Inst DistUP #Win. DeciDist #Win. SCPMS #Win. WPM3 #Win.
bl4 26 0 0 18 12
bl5 6 0 0 1 6
b17 26 0 0 8 26
b20 64 0 0 18 58
b21 120 0 0 21 115
b22 55 0 0 8 55
45
40

» 35

s

-

e 30

£

8

s 25

&

2

s 20

2

g 15

3

]

&

= 10
5
0

0 50 100 150 200 250 300

258 industrial MBD instances

B2 (MEhRFE) 258 MIIKEAIRRAETENK

Figure 2 (Color online) Number of soft blocking variables for 258 test instances

DistUP Fl DeciDist 2354 Cai Z57E 2016 Al 2017 SE42 H (KI7E PMS BEALATA T 52 _E H BT
KAfas, WPM3 7EBEALSEB]_EAS K DeciDist, {H7E TS24 EAR T DeciDist. SCPMS HALE DeciDist
HERE EAINT CSV R, EARIRISHXT T PMS BEHUAT N TS5 A SR i 2ok i R0 e e KR
Hpg it T MDB Tkl R AR, Seab s sk 1 Fios, SE¥ S 8% EN: R EIEHLHi
B[] /2 300 s, A8 & KBS XEUR 1000000, 525645 RGN S 560 F 1 1EAT 22 WS 36 98 5 BT 38
AR, RAEHHE 1 FRETERNS W IR B > LA FR, 26 2 B 4 S e g, 5
3~6 B 53 RN IZ RS BT HAR S R B M AR 0N FTRUE B, SCPMS B TR
MRS T 2016 SR DistUP SLVEF1 2017 5532 Y DeciDist A7 MBD S ERISRAERCR, I
HA A S SRAEL T WPMS.

IS 2 IR 2 H SCPMS SR A3 K I 2848 G L /iR 1 P g se s s, i 2 i
AAPRFR IR 258 AN TS, PAARARFR 5 AN JE IR R AN B8R I A DG (1 R BH AR B N4l S
BT LAE H, K SCPMS SAEF T 254 1E B 2 1T R) 4, BERS 3% H 1 R P 2848 B 1 8 B 3948
TE 20~40 2 8], 78 3R i Tl Sz il f5 L, i1 T DeciDist 55032 3R 15 BN 2 3T H AN s %, it
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* 2 WEETSHIKEERL
Table 2 Solution of soft blocking vars

Benchmark # Inst. Maximum Minimum Mean
b14 26 33 20 25
bl5 6 37 28 30
b17 26 40 21 38
b20 64 39 22 32
b21 120 39 21 27
b22 55 40 22 33

45
40 > ® ® s

2 | 4 “.; * * 1 L X 4 ¢ .“.0” L 2K 4 F XX * “. *

§ 35 ¢ "’ ® SHeO 0.% w’ 0’0 ’00 4 M " ¢ 0’ 0.&

ST oo b opan b et a it Salom HOR o B8

o 0, ok Fily o Oty Tu FRAZES o Fa e g8 X g%

= B loge (Y X & o 1] Wixe M WK

E% 25 S L [ ] ,1’. oo 5& 9.." ’It ow m*fﬁ %:'p

23 sigple. (g k! e SR g LT ]

g2 e " M X = = R g

&€ Bk m ' ] & ik’ ]

= 2 20 L ] X

g " m

s © |

28 15

S g + Soft bloking vars

22 10 = SCPMS (300 s/107f)

§ 2 SCPMS (60 5/107)

P = s SCPMS (60 s/10°)

= x SCPMS (300 s/10°f)

0 0 50 100 150 200 250 300

258 industrial MBD instances

B 3 (MEMFE) FEFIENS] . TR TH SCPMS BiAKBRIERLSHEETEKBFERLHNELR
Figure 3 (Color online) Comparison of SCPMS algorithms with different stop mechanisms and different flip variables
and solutions of soft blocking vars

SCPMS FiEM e T HRER FH 26748 5 1 75 12 e 8 B R AR B M 3R T BE AL 2 SR AR IR A, (19N 2 3T
FINHAE L TG BOA BRI EE R /b . BEJE SCPMS SRk B ATLAE 2R (1) 77 i 4k AR R AR
fife, AT SRR R, KT RENUAT N TS0 5, TS24 1) 7RI R AN A2 S5 R R AIE BH 2 1) T ) 48,
It CSV HES B ZEAD BN 0, SCPMS Sk E i AR R B, T SCPMS HiLH
R FEA DeciDist HEA A, KA LT DeciDist Fy%, SCPMS Sy AEREALATN TS24 fr) SR fiF 3
R AN 2 5

ERE 3, YRR S B ZE AR B N B SCPMS S5 sR A5 1A SR A0 AN B, Ak bR
7~ 258 A MDB TolSEfl. dlid B 3 v LAE H, 7EHR B HRPH AR S 500 T, 783 B AR S i KB IR
HORF, BB BN 300 s BISRARSE RER T R EF LV 60 s B RSRIFLE R, XUEH T
SCPMS SHVEAE R 8 2 R A A R, AR A5 IEATLHIET (B2 300 s B, 15 B A0 e d KRG TR BN
106 A1 107 B RR AR JLFAEIR], R, SRR OB O A AR M SR AR 25 SR 10 £ 2L R 3=, AT LATRAT]
P B KB BN 106, 15 1EHLHI )Y 60 s I SCPMS 513 KSR AR 45 B3 ) 5 Fe KB vy 106 Jf:
BAF ML 300 s, S RRHFRECA 108 H BAS IEHLEA 60 s, B KB IRECH 107 I BAF LY
300 s, HAEIE BN 107 FFHIZ LA 60 s 1Y DeciDist 50k (SR A4S Fdb47 L. Seab sl B
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+ DeciDist (300 s/10°f) = DeciDist (300 s/107f) + DeciDist (60 s/10°f) ~ DeciDist (60 s/107f) x SCPMS

200
8
2 180 -
= ]
S 160
=
2
5 140 A
2 [ ]
<
<120 & ax
3 sffape & i
2 100 m 4 i
3 A B e " P 3 (] S
3 s e, VA CSa =
5 AR N Y | p
2 20A B g om RS s 48 2a s 2 A
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Figure 4 (Color online) Comparison of DeciDist and SCPMS algorithms with different stop mechanisms and different
flip times
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Partial maximum satisfiability problem method combined with
structure characteristics for diagnostic problems
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Abstract Partial MaxSAT (PMS) is a generalized version of the maximum satisfiability problem (MaxSAT),
which has important applications in many fields. At present, the PMS algorithm requires improvements in solving
the industrial problems. Based on deep research on the PMS algorithm using random search, this paper presents
a structure characteristics partial MaxSAT (SCPMS) method that combines structural feature exploration. First,
according to the unit propagation rules and structural features of the problem, we gradually divide the PMS
clause into two parts to construct a subproblem that can satisfy the problem due to the absence of the hard
unit clause. In this paper, a random search guidance strategy is proposed. The new subproblem is reused to
identify the hard-blocking variable in the hard unit clause of the original problem using unit propagation. Then,
the corresponding soft-blocking variable is reversed with the feature of the clause to improve the efficiency of
the random search. The experimental results show that in comparison with the two latest algorithms, DeciDist
and DistUp, the proposed SCPMS greatly reduces the number of unsatisfied soft clauses in solving model-based

diagnosis instances.

Keywords PMS, unit propagation, SAT, stochastic search, model-based diagnosis
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