http: /www. jsjkx. com
DOI; 10. 11896 /jsjkx. 201000142

St A 2

E T 5 3 F [ M BR SR B& B9 SAT K% 25 57 32 R Bk

FAx #® B RE#E

BHRBAFHRFFRK KA 610031

AR EHEIRIEE R T RS TRLHE KA 610031
(806657831 @qq. com)

i E ASTSATAME. BWATH2 L X ZTARESRSAAT AR L ZERA RS H AFLARRKFRGAR
MEEHARREZT MEMBARLEG YR, 22, ENHBLETLLELLZTO T KA A RY RLEHBCP W Fa., 4
SWF A RET —HEATEIFOMB KRR S LT FRERKEG(VDALCD) , EM TR 5 T F 4 R BB M T 8) F &
T ESRE ., A F VDALCD %% 2 5| % Glucose4. 1, MapleLCMDistChronoBT-DL-v2. 1 #t47 & i, B & T K & Glucosed. 1_
VDALCD #= Maple-DL._VDALCD, ¥A 2018 #F.2019 4 SAT B FR 5% A 4 A 0 X 4], B AR 5 R AR KRBT ki,
Stk B AW, A 2018 4 8940 F ol X F L Gluosed. 1_VDALCD 1t Gluosed. 1 % K i 26 A4 F .35 T 15.5%, £ 2019 4 44 4
F 4% ¥ ,Maple-DL_VDALCD ¥t MapleLCMDistChronoBT-DL-v2.1 % £ 17 M F .3 T 7.6% .,

KW ERE;FIFH;THARPA;FITFAMBESE; 2 &k

hEESES TPISI

Branching Heuristic Strategy Based on Learnt Clauses Deletion Strategy for SAT Solver

WANG Yi-jie, XU Yang and WU Guan-feng

School of Mathematics,Southwest Jiaotong University, Chengdu 610031, China

National-Local Joint Engineering Laboratory of System Credibility Automatic Verification, Chengdu 610031, China
Abstract For the SAT solver,most popular branch variable decision-making strategies are based on the variable activity evalua-
tion of conflict. The unassigned variable with the maximum activity is selected as the decision variable,and the most recent con-
flict is solved first. However, they all ignore the impact of the number of clauses containing decision variables on the Boolean con-
straint propagation (BCP). To solve this problem, this paper proposes a branch variable decision strategy (VDALCD) based on
the learning clause deletion strategy,which reduces the activity of variables in the deleted clause when the clause is deleting. Based
on the VDALCD strategy,Glucose4. 1 and MapleLCMDistChronoBT-DL-v2. 1 are improved to solvers Glucose4. 1_VDALCD and
Maple-DI._VDALCD. This paper uses 2018 and 2019 SAT international competition questions as benchmark test cases to com-
pare the improved version with the original version of the solver. The experimental results show that Gluose4. 1_VDALCD finds
out 26 more examples than Gluose4. 1,an increase of 15. 5% in the 2018 example test. In the 2019 example test, Maple-DL _

VDALCD finds out 17 more examples than MapleLCMDistChronoBT-DL-v2. 1,an increase of 7. 6%.
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1.dl=0;//dl #RIFEIZE
2. while not all variable assigned do var = Pick_ Beanching_ Variable

(F);
3. if ($/=F) then return SAT
4. else dI++3¢=¢U {var};
5. While (Unit_Propagation(F, ¢) = = conlfilict) do Learnt_Clause=

Analyse_Conlflict(F, ¢) ; dl=Compute_Leve(Learnt_Clause, ) ;

6. if (dl==0) then return UNSAT;
7. A=AU {Learnt_Clause} ;
8. if (Restart ()) then dl=0;

9. else then Back_Jump(dD ;

10. if (Time_To_Reduce ()) then ReducedDB (A) ;
11. end

12. end
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and after ReduceDB() is executed
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Table 1 Contrast the number of clauses containing vm., with

that containing vsecond

_ m(vsecond) — 1 (Vmax)

ReduceDB() f
AT K

Instance type m(Vmax )

>0 [>30%
enf_320_1120. cnf 8075 3977 315
gto_p60c239. enf 2424 1409 780
CNP-5-1400. cnf 44 21 13
dist9. c. enf 32 21 12
dist4. c. enf 31 12 3
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4 Glucos4. 1 _ VDALCD (0. 90), Glucos4. 1 _ VDALCD
(0.93) ey ARSCRTA I AT LG S5 50 #8272 AR [ PR 58 F #EAT /Y,
Glucosd. 1 5 Glucos4. 1_VDALCDQ) X 2018 4 SAT 3% 3851
B #HAT I

#2851 T Glucosed. 1 5 Glucosed. 1_VDALCD) Y
S5 LY A2 T BOHE T A5 L e e S R AR O T R AR B
ZERM LR A Z K Wl — A F . Hd, 2501 Bo. 99
B}, Glucosed. 1_VDALCD(0. 99) I Glucosed. 1 Z3RK i T 26
A 85 D RS AR 4 1% SR A S 45 AN g m T 15, 5%, JF B
SRR B T L > T 289

# 2 Glucosed. 1 5 Glucosed. 1_VDALCD % H

Table 2 Comparison of Glucose4. 1 and Glucose4. 1_VDALCD()

Solvers Solved(SAT-UNSAT)  Average time

Glucosed. 1 168(86-82) 878.73
Glucosed. 1_VDALCD(0. 90) 169(93-76) 807.07
Glucosed. 1_VDALCD(0. 93) 171(97-74) 864. 87
Glucosed. 1_VDALCDC(0. 94) 177(102-75) 829.77
Glucosed. 1_VDALCDC(0. 95) 190(106-84) 590. 35
Glucosed. 1_VDALCDC(0. 96) 178(99-79) 814.41
Glucosed. 1_VDALCD(0. 97) 189(106-83) 657.81
Glucosed. 1_VDALCDC(0. 98) 184(105-79) 768.03
Glucosed. 1_VDALCD(0. 99) 194(105-89) 632. 60

Kl 2 451 T Glucos4. 1 F1 Glucos4. 1_VDALCD(X) 7F &
R 400 A~ SAT 3& FESL B I 132 17 B 18] Hb 42, o il 38 7 R i
AE v BRI R SR BT ], i B R IR o Bl 3R R R AR I
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Fig. 2 Comparison of solving performance of different solvers
5.4 Maple-DL 1 Maple-DL_VDALCD HJ Xtk 4> #7
WL SR E T VDALCD 4 37 5K W 2 A5 30,
AT B HgiR A 2019 4F W ZE 5K fif #% Maple-DL o, #F — 25 IE
BlEmaE ). 5.3 R, S804 B IBUE N 1Z K T 75 M3 &
HF f BE, Rk, 2 50%F A 25 0.90,0.95,0. 96,0. 97,
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Maple-DL . 24 2 BUE Jy 0. 98 B HoJRUBCR i 2% 2R fig i T
17 A5 SR A BOG N T 7.6 %0 SR AR RS T 3. 7%,
%3 Maple-DL 5 Maple-DL._VDALCDO %t [
Table 3 Comparison of Maple-DIL. and Maple-DL._VDALCD(2)

Solvers Solved(SAT-UNSAT)  Average time
Maple-DL 223(130-93) 819
Maple-DL_VDALCDC(0. 90) 232(135-97) 791.67
Maple-DL_VDALCDC(0. 95) 234(136-98) 901. 32
Maple-DL_VDALCDC(0. 96) 236(138-98) 927. 64
Maple-DL_VDALCD(0. 97) 238(140-98) 789.16
Maple-DL_VDALCDC(0. 98) 240(142-98) 789. 34
Maple-DL_VDALCDC(0. 99) 225(131-94) 814. 85
4000 9 == Maple DL-RDBBS(090)
35001 | = MapleDL-RDBBS(095) -
“ Maple-DL-RDBBS(096) F
3000 ] |~ MapleDL-RDBBS(097) 1
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Fig. 3 Comparison of solving performance of different solvers
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