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Abstract It is obvious that frequent restarts were introduced in current conflict driven clause
learning (CDCL) solvers. Due to the wide adoption of variable state independent decaying sum
(VSIDS) and phase saving, a large proportion of the assignment trails are re-created exactly as
the ones before restarts. It empirically exploits the observation that CDCL solvers tend to make
the same variables in a similar order. Repeated assignment of variables in the solution process will
waste the calculation resources. This paper proposed a new strategy — A dynamic decision strategy
based on the identification of duplicate trail (DDIDT). Firstly, the phenomenon of duplicate
assignments trails between two succeeding restarts is illustrated by an example and experiment,
then designing an algorithm for identifying those duplicate trails feasibly. And the setting of
parameters of the threshold of trails is determined by a series of experiments. Secondly, one of
the most surprising aspects of the relatively recent practical progress of CDCL solvers is that

VSIDS decision selection heuristic. The VSIDS strategy selects decision variable based on a
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strong activity-based heuristic. Initially, the score of each variable is the frequency of a literal
occurrence in all clauses, and increase all variables additively by 1 which involved in conflicts.
These scores are sorted in a trail. More significantly, the size of the real-world instances always
being millions of clauses and variables, then the score of every variable which occurs most
frequently is also high, so few variables of the front of the trail are still the same even if the trail
updates scores periodically (every 256th conflict) , because of the increment is one, which is too
small that compared to its initial score. As a consequence, when restart for instance, which contains
millions of clauses and variables, the front of the trail maybe still holds the same. Changing the
assignment trails is essentially turning the order of assigning those variables. Therefore, for
changing the activity of variable to a greater degree, the paper proposed a new branching strategy.
that is, counting the number of times each variable participates in a conflict and recording the
variable that responsible for the most conflict between two restarts, then rewarding this variable
with a bonus in order to turn the assignment sequence, accordingly the search path is transformed.
We implemented the DDIDT algorithm respectively as a part of these well-known solvers:
Glucose3. 0, MapleCOMSPS, Glucose4. 1 and Lingeling solver, all these solvers got better ranking
in international SAT competitions. These empirical results further shed light on that, compared
with the Glucose3. 0 solver, the rate of reducing decisions of modified Glucose_DDIDT solver is
decreased by 11. 2% —61. 6%, and the number of solved hard instances of modified Glucose_DDIDT is
increased by 63.9% compared with Glucose3. 0, the above experimental results show that the
proposed strategy can work well. To better illustrate the advantages of the proposed method,
Application Main-track instances, which originated from the SAT Competitions 2015 to 2017,
were also tested by those solvers which integrated DDIDT algorithm: MapleCOMSPS_DDIDT,
Glucose4. 0_DDIDT and Lingeling_DDIDT. Compared with Glucose3. 0, the number of solved
instances of the improved Glucose_DDIDT is improved by 6. 0% ; compared with MapleCOMSPS,
the number of solved instances of MapleCOMSPS_DDIDT is added by 2.5%, meanwhile, the
number of solved instances of Glucose4.0_DDIDT is improved up to 3.1% compared with
Glucosed. 0; Although the total number of solved instances of Lingeling_ DDIDT is increased by
1 compared with Lingeling, the overall solution performance is improved. Experimental results
indicate that the proposed dynamic decision strategy can efficiently identify duplicate assignments
trails and deal with it by choosing appropriate decision variable adaptively, reduce the computation
time.
Keywords  satisfiability problem; conflict driven clause learning; restart; branching decision
strategy; duplicate trail
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B SRR a5 A B A 99 A R 2 i . DR
WS F A ™ A A A (L 8 Y T RE R K.
MFE 2 Af LA, T FAE—KE S [ a2 A Y
F AT R — 2o 2o 20 ) RERR R A 5 H
F1JR VR 2 RN 3R LT W BJR A PR AL
RARKREBE b desd TR R B AR DA W7 AR
R (R 51 5 BOK 8 fF — L ALY 48 K 2 (]
P AR L A R T R A A BRI S0 LA B ] S0 1 )
TE A8 B 0 0T P AT R RE 2 R AR U L B, B2



10 4] WSO - — ol T TP A AR 10 gl 2 e TR TR g 2315

FESR L 2 SR BT UR. Oy T T DU b 00 5 SR i ok AR
Hh Ot B G AEAE 4 38 P BE ALK 2015 4F SAT 38
F£ Application 25D Main track 21 119 52 4] aaailo-
planning-ipc5-pathways-13-stepl7.cnf. & 1 FI A 2
3 390 7 A AN [ 14 B SRS SR gk 11 3 A oy, vk
Jia I 7 A ) S R 9. Xl R s R R Y
Wh=s 7 A i A RAE 51 Y R /. &l 1 367R Luby
RS =AM EE P8 B 2 £/R Glucose3. 0 3K
fife 25 HR e P A 2 25 T S SR T 7 A B A2 AL Y
. A [vi) 1) TS SR M At X SR A ] — S92 451 I, B RS TR
JEANTFAY S Luby B3 S0 A 315 IR B 2639, 325
S R A E S B 10564, i 1 AE 2 W] R
AL ERRBB K, - ENEE T ERE
HoH S 7SR E A0 7 — E RTE L Z M.

500

400 [

%300 r

HGFSI

100 ‘

L L Il 1
0 500 1000 1500 2000 2500 3000
VM €3

Bl 1 Luby 55 50 ™ 4 19 5 K751

HEFFHIRN

IINIM

0 2000 4000 6000 8000 10000 12000
ENEHE3

2 FEEBEB T AENELZTI

3.2 RHEERERFT

R 3.1 Al AL B S B0 A KRR
AT 41, I B 5 B 3 3 AR A O AR R A G BR R L 0
T 272 A i WA A HE B, R T 45 8 DDIDT &
00 SR A

k2. DDIDT & k.

N s fik & S restart() =True

it A B change TrailOrder O 8, PickDecisionVar()
. IRk count <=0

[

2. count=checkTrails() ;

3. 1IF count™>threshold

4 THEN changeTrailOrder() ;

5. ELSE

6. PickDecisionVar() ;

TR Y LT CDCL AR ffeas h S R restart O
Wefih 22 55 W13 A DDIDT #9803 2 W check Trails O
PRRCR R R A T N B Y check TrailsO)
PR IR BME count KT 1% E W BI{E threshold I,
Wt W12 o Y AR 41— AR R T A A e R R
changeTrailOrder () b 802 A8 A8 & W 15 BR(E HE
H 2 N — R AT 19 728 5 IF 05 (RS R 5 75 0], 4%
S B Y 1 B H PickDecisionVar () BREUH & TR
{H AR 5.

FATE LS FRFEIZMAL)TH , S.size £IRE
SVRAE T B /N ) 3.1 7 v () B 2 A )3 51
S={—xssx12,22}sS.size=23. S.size PI{H B8R, i
B R [ 1 T (L A2 Bk 22, SR e B — B[R]
S.size PE AR PR 45 76 F — DX ] Y8 [ P, D0 i 2% A%
S 1Y IR AP 2] (oA SR At i 48 RO (] 1 25 (B). R T 45
W check Trails OB 1 S B0 2.

%3 JUNEERERINE D checkTrailsO).

By < TE AR ER S 5 0 A O KB A AL

it HHBUAE count

1. G AL count <0

2. FOR di<1 TO decisionLevel

3. IF activity[ trail_order[ dl]]<<activity[ Tpex ]

4 THEN S.size++;

5. END FOR

6. IF min=<S.size <max

7. THEN count+ +;

8. RETURN count;

BEE 3 W AR e o BIVHE KA 1 D O A2
H,dl YR )JZ K, decisionLevel 2} T 3 Bl B B IR
JZ2WK, trail _order[ |3/ 5T A (19 48 & WA )T 5
trail_order[ dl 137N di Y& 2 R 1 P A8 5. AR K
WG R AR A B Y 4 2 A5 5 S R T
(B 50 A [7) o RS #5505 11708 BT 9 AL T e
ZHTH PR AL e 7 5 E G AL T e ZHTHY TR
AL AR [A] L 1 A8 R RS BRE activity K F)
ANEERE R PR R AR e PTG BRAEJE 5 K T

@ SAT 2015. https://baldur. iti. kit. edu/sat-race-2015/index.
php?cat=downloads
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JEHTS 22 R TR R SR IR R R AR R T BR R, R
activity [ trail_order[ dl]]<Tactivity [ Zpex | s WHR K
T DU e A WRAE T A B R/ AR S.size BU(EAT
B &AM, B min<<S. size < max, I, B} ¥ 003+ 58 2%
count WH. IR, S8 min F max WAEAE, ¥R
fEMERE S 4R K. 2 min il max W B KK, W
A KA P 2 04 R /INAF B 108 DX TR] 9 T 450K, AN i i
R i A8 AR 37 5 4 min B maze WOAE BEE BN
D 2 0 B Sty i 72 T e 91 o o SR 8 1) 8 8 TR R A
AR TR 3] 2 R A, T BOR 1 i B S 4
min Fl max s FRATMIRX T 2001 4EF] 2013 4F SAT 3=
FEM Application 28 B iy A [a] Fp 2 1 52 1], >R ]
Glucose3. 0 JRAS (SR 2. S5 50 b 5> 52 0 1) s 17
B[] AN i 3 3600 s. 3 28 S5 ok 5 AN [6] 114 52 B (7]
R A s I R g D TR R )
P 2% 22 42 B AR SCR BRI T 21 Fh 38 B Y S 4] L JF:
Hix 21 R B 52 41 K 2 507E 3600 s N I R A5 2
BER DA I 3k 2 S 451 1 SR SR wfE R RO AR i 3]
R R 5O () 4 552 491 F) o 2 A A ) BT R Y
DX R] 3 L DR BOMH [) . &8 31 A [7] 288 24 1 S 451 e % s 114
S.size WX A 405K 3 7.

£33 FARXBERFIHNEEFIHNREER

S5 44 S A% RS S.sizeO) [ X [f]
homer(2002) 6 7.2~9.5 20~40
par32(2002) 9 3.2~4.0 10~30
li-test(2003) 8 3.8 500~1000
partial(2007) 16 4.4~4.17 300~900
countbits(2009) 10 3.1 50~150
gus-md5(2009) 9 3.2 250~300
ndhf-xits(2009) 10 93.2~110.5 10~20
rbel-xits(2009) 13 55.2~62.4 10~25
gss(2009) 39 3.1 45~55
hwmecl0(2011) 7 3.0 P HL
aes(2011) 12 3.5~12.0 50~80
openstacks(2011) 6 5.0 20~40
traffic(2011) 9 9.2~32.8 [SERTIN
slp-synthesis(2011) 23 3.2~3.4 25~60
sokoban-sequential (2011) 5 16. 1 20~40
arcfour(2013) 8 37.9~38.5 30~50
bivium(2013) 9 5.7 15~25
ctl(2013) 23 8.0~10.2 [SERTIN
hitag(2013) 21 13.0~13.8 15~30
IBM-FV-2004(2002—2012) 25 3.6 50~150
SAT-dat-k(2010—2013) 17 4.5 40~70

3 PR ML R I 28 S8 B rp A A SE B Y
S.size MR B9 BT 55 30 B &2 A 8] 1Y, Jo vk S Al 2
PRAIEUE. 2 3 5E 3 41 3R 7R B3 D 28 780 55 ) 1 F )
5 8 U R R A3 A L L (ratio) = )
/AR TCE N 3 AT LU, HRIE B 3~5 5
B HIAT 13 R %F B Y S.size O Y X 7] 3 Bl K 25 AT

AP . 10~80 Fl1 150~1000; L R HE K 7~15
PSSR 5 B, KR S.size O 1Y X [R5 A -
15~40; HoAy 3 Fh S22 Y 11 b 23830 [ 34 AR X g
[ S.size O By X A8 - 10 ~50. X B, KA1 E S
BUE min Fl max 2B 5 AN [F] 28 B S0 /) BE 2611 )
B ARYE FR G AR ik 4 R,

x4 HEULEZUNSHE

ratio min max
3~5 10 80
3~5 150 1000
7~15 15 40
It 10 50

U OR R — ST I ST TR S A bR R
JE R AR 4 Hh ARG IV Y B Y L R L A S R
{8 min Fl mazx.

[FRERY A 55 2 P BIME threshold BLE LR,
AR T 85 1 A B A R B AR s B U B R
R JZ R A W o A X A 30 . FRATT IR AR R S 5 0
e R E BUE threshold. threshold {EB) K 2 H
x Bl ) e — DX TR] S P %o 1 1y il AR (B R T mim
PLK/INT maae 09 50709500 AR A0 WL 500 38 552 431 v
BOE 0 2R AL B0 L X LR threshold = 10,20, 30,
40. F AT S8 A ] Glucose3. 0 it 4 3K fi# %, I o
min Ml mazx BEAE 300030 25728 Ak, I 52 1) > I T
2015 4F SAT 35 %€ Application 28 % Main Track 4,3t
300 A~. FRE MK ] 2 3600s. 32 5 K8 3K il 4
AR threshold B}, 3K fif 25§ 7 5K fifk 1) S5 461 A~ 45
B2 5 A0, Y threshold=10 W} SR BEAN B .

x5 ARHENKRBER

5 & SR RA %L
10 245
20 240
30 242
40 238

3.3 HEUTWERFT

TR 2 W changeTrailOrder () BRE M AE H
S R AR i ) WAL 2] T 722 b 2 4% BROS BRI 19 K
NG 1 o BRI R AT A A B s R Y T SO
O P 72 e F R TP, S AT RE A 28 5 A [ Y e 3
' P NEliD) e

WL 3. 135 p 7 a4 F ol 18 3 £ 74)
£ F H 30— U 8 (R 1 322 8 2 TR 1A DA )
BN

3 F AR A T AR 7 — 728 o X ) TR
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,(3)

()
B 3 ZiEZEmE

FYCR 2R AR I T A A3, HUA i, i
TS AR A& PSR A8 . AT oo, B TS, o, A 1)
MR RAR B o 0 R 260 TR S 8 o o i TR ) 4
2 (5 FIRAZ T 2 PR B Ay 1, HH R
JAR 5. B 3 AT LUE AR o RS s
ARG oy B TR R L 2 5. Y07 R )
“asV —axy " R KA, R PE 1-UIP(First Unique
Implication Point) 2% 2] HLH" . Bl & 3 vh kg £k it
N5 HE AT T 78 B Ry v AR L R e O R B
REYER) A2 P — 2, V=200 V — 200
B G s Rl BTN AT O P75 =B/ @ | P
5,2, 3 MR AERT P MR L [1HR 2] 2% 2] 7 4] h 2 ok
(R PR S 2 U B R B e 3 2K 3, 9 HLAURS T 3R )2
W3 BIPIR)ZIR 5 Z 0] T A 1) 748 i A

BT 2] W RER 43 SR Mg VSIDS e H R iy —
BB 2 5 S S T A S RS BRAEL O 1D
Kl 4 FoR2e X £ e R R

TV =TV Ty XNV

N

TV =TV Ty XV =X,V X,

S

=XV,
Bl 4 2] TR A

B A ATHIES L=z, 2102125 20 s 5 ) T
RHMWEA KWL, BES 5 MR ZL
TG BRAR B K. PRt 76 J5 S22 78 v p 2 B 436095 BRAH K
)78 5t A B ) S 2 FT R AR R v o A R T
AR B AR HE I ISR A a8 o B b S
SO IR A Z AR D 1 2 2] F A R A X AR
SV BRAE A 5% ) A 35/ o DT 1 — 20 S B0 2 B
FEAN 7= A R SR T A R R E 1 oA 72 A 1 94 BR
(B MR AR 1 2 55 i 98 A UK 1 4/ 1 1 o 2% 5 1 22
JilE. #7855 5 R REGE 2 ] B R Y

P 18 TR AT (R A% 6 B 55 T A v 5% T A
) B 22 6] e it R A A2 S 5w R KB IE % 2
SRR Z A R Bk 4 Bl L R RS

Hik 4 HRERZS SR

H AR A5 raidll ]

s 25 th R EE R AL e var

1. #1is 1tk max_num<0

2 num|[ nVar]<{0}
3. FOR i<-trail.size()—1 TO 0
4

var<trail[ i)

5 clause<reason(var)

6 FOR j <0 TO clause.size()

7. var_clause<—clause [ j]

8 IF level(var_clause) = =level(var) THEN
9 CONTINUE

10. ELSE

11. num[ var ]+ +

12. END FOR

13. IF max_num <num[var] THEN
14. max_num=num[_var]

15. END FOR

16. RETURN war.

2 S R = ey I B changeTrail-
Order O BREUN AREF 2 4 153192 5 wh R U
KL & var, B2 & var 36 BRAH activity , B
AN E IAE A 100, Sy 1 3 G T BR AR A9 U . 25 A8
TS BRAE K T BE 1E100 B, AT 1 F FAE &
M5 BRAA. 3595 5 45 1 H B R Se Bl 2.

ik s WHASEITRE.

A 2 2 5 0P 9 B K Y 72 18 T BRAE

i 1L < BT 205 0 AR 0 BRAH

1. activity[ var]=activity[var]+100

2. IF activity[ var]>1e100 THEN

3. activity [ var] =1e-100

4 ILWEERSH

T A S IR L ok 156 B B 5k DDIDT A fE 45, 52
355 . Intel Core 13-3240 CPU 3. 40 GHz.8GB
12,1847 24 & Windows7 + Cygwin2. 8. 1. L5
BEAS TP 1 3K A B[R] AS BB A 3600 s. A 3C 32 Bk L
KRR Glucose3d. 0 RRASAE Jy SE Al iU A B 4243 1. K
fit % Glucose3. 0_DDIDT # & Glucose3. 0 [y 3 il
ST OB A DDIDT. 8256 F 250 =5, |
e R 17 2% Glucose3. 0_DDIDT HEHRfE 3.1 Wi
S ] aaail O-planning-ipc5-pathways-13-stepl7. enf,



2318 it <A

WG AR B B 52 P 415 LU X B TR i 2% Glu-
cose3. 0 Fll =K & 2% Glucose3. 0_DDIDT 4 5l 3R f#
3.2 iy 21 A [ 28 B S A B B i R
2015 | 2017 4Efy SAT 3238 () Application 2K &l ¥
Main Track 2H V53] 5470032 . $F — 25 VA 7 B ik
T SR At Ml 5] ) 7 R PG

4.1 KREBRBPANLH)

5 Fn R 28 Glucose3. 0_DDIDT 3% H
Luby 5 i3 S inf, 7= AR i B S WE P 5. S 1 1
Bxnl 4% .59 7% DDIDT 2748 1 o 52 WK (BT 81 f (i 11)
RN NIEL S AT LU 25 R R AR T 500 IR,
HE T 51 B (E BOR B

200

HEFHIRAD

0 50 A 1000
AR K
[ 5 DDIDT 531 F Luby T 724 i T 571

K 6 F/nRfEZE Glucose3. 0_DDIDT H 3% H 3h
AHE B, AR 0 R RE P . R 2 AN
6 115 . Glucose3. O i B it 3l 45 5 i 5K i 7= A=
f1% = A WA P 9 A 119 43 A 3 B K 30FE 25~ 75, 1M
Glucose3. 0_DDIDT i FAH [ 1 3l 45 5 J 5K B 11
7 Y A ALY A %) 43 A1 9 TR R BUTE 5~ 25,
AT D

200+

HEFIIRAN

an .

0 2000 4000 6000 8000 10000
VM€ i3

Bl 6 DDIDT 553k fE 3 4 i 7= A 1 3 5 J5 4]
% 6 XTI TSR R4 Glucose3. 0_DDIDT Fisk

fift s Glucose3. 0 w73 5l ] Luby 51 5 i 1 2l 25
e SR A5 B 1 8 R 250 B

2 i 2019 4F
x6 AESHHXILL
SR EJR B WR L PR E SRR IR/ s
Luby & 2639 2882165 4093937  1012.99
Luby % J2-DDIDT 720 1489543 2025535 870.3
AT 10564 1930221 3425985 825. 245
25  B-DDIDT 9021 1722410 2856228 750. 36

M 6 AT LA % T 8 OB g OB T
TEVHORKR fife i [, 4 A 55236 DDIDT 13K fifg #5% 35
AT PR BT T SAT [ 8 1) R i 0%
EEBOAERT B 18 R 1 3 SO IR
R 1 T g 4 55 7t W 11 I S 1 2 T S = 7 S
DDIDT X% F 3K fi# 22 )] aaailO-planning-ipc5-path-
ways-13-stepl7.cnl H—E FIPL# A 5 1 DDIDT
RE 5 G b i A B JR 22 5 R = i B A (A T A Y
100 I HL 8 35 8 By ¥ 38 b 28 10 7228 & AR e IR
B, 8 I M R 1 R AR el T R A R
il B 1]

4.2 RBARLBLE

T B 5 ik DDIDT A 2 0 min, max Fl
threshold V& & 118 RUCE A SCH3 58 TSR i 4% Glu-
cose3. 0 Fl Glucose3. 0_DDIDT K f# 3.2 5t 21 Ff
KBIRY S, R T SR A S0 9 S5

R7T FREERBARELEELOE A H

5 ~ q
52 1 4 B Glucoses, o Olaeoses 0-

homer(2002) 6 2 3
par32(2002) 9 0 2
li-test(2003) 8 0 3
partial(2007) 16 4 6
countbits(2009) 10 0 1
gus-md5(2009) 9 2 3
ndhf-xits(2009) 10 0 2
rbel-xits(2009) 13 1 5
@ss(2009) 39 3 7
hwmccl0(2011) 7 3 5
aes(2011) 12 2 6
openstacks(2011) 6 0 0
traffic(2011) 9 5 5
slp-synthesis(2011) 23 3 8
sokoban-sequential (2011) 5 1 1
arcfour(2013) 8 3 4
bivium(2013) 9 3 4
ctl(2013) 23 15 16
hitag(2013) 21 0 2
IBM-FV-2004(2002—2012) 25 9 10
SAT-dat-k(2010—2013) 17 5 7

TR 285 61 100

@ SAT 2016. https://baldur. iti. kit. edu/sat-competition-
2016/index. php?cat=downloads
SAT 2017. https://baldur. iti. kit. edu/sat-competition-
2017 /benchmarks/
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21 Fh 5241 2 Bk 285, Glucose3. 0 3R i 52 4] 1)
SAECH 61 4>, — ST [ S SR AR S B 2= R 0,
VB T3 21 S 451 18 SR A XE FE K 1T Glucose3. 0
DDIDT R fift 52451 (1 80h 100 4 B AR 1 39 4,
BT 52 ) 2K B “openstacks (2011)” FiI “ sokoban-
sequential(2011)”  JCASEBUHRAA B BTN,

T UE S R B A B TR AR R e
Glucose3. 0_DDIDT i & N [F B9 min, max F
threshold S8 AE AT 3. I 5 1) K U5 T 2015 4F
SAT 3% Application 25 % Main Track 4,3t 300 4.
L5 A 1 36005, T BREE 4017 8 B .

%8 ARSHKREHIHA

min max threshold SRR %L
80 140 10 234
80 140 20 232
80 140 30 235
80 140 40 230

1000 2000 10 231

1000 2000 20 230

1000 2000 30 228

1000 2000 40 226

2 8 1 man il max W{E N T E LR BICH R 5
R & BIME . threshold 4573 3 ¥ B 10,2030
M40, b FE 8 13 5 0] 15, 24 threshold =10, min
Momax KIE R 4 LR, KRB R2
(245 ).

4.3 LBWHR

h T k20 WS DDIDT S350 R U

o, 22941 %¢ T Glucose3. 0 f1Glucose3. 0_DDIDT

R FREERBARLBELGIHRKE

Glucose3. 0_ TR

S| 44 FR W Glucoses. ,

SAG) 44 B 2 Glucose3. 0 DDIDT /%
6s167-opt unsat 3662141 2368758 35.3
008-80-4 sat 87813902 46885690 46. 6
50bits_14. dimacs sat — 7060300 —
atco_encl_optl_04_32 sat 8621392 4982387 42. 2
ACG-20-5p0 unsat 1034570 1106898 —7.0
beempgsol5bl unsat 2763664 2814855 —1.9
countbitssrl032 unsat 4618624 2156275 53.3
jgiraldezlevy. 2200. } n1er ar
9086. 08. 40. 22 sat 1920124 3185887 35.2
manthey_Dimacs o . o
Sorter_36._7 sat 1453277
manthey_Dimacs . _
Sorter_28_4 sat 1253098 1044857 16. 6
mrpp_8x8 # 8_9 unsat 119761 74558 37.7
E02F22 sat 2546067 1563897 38.6
manthey_single-ordered- ) - .
initialized-wa6-h9 unsat 4447510 3362114 24.4
post-chmc-aes-d-r2 unsat 20775095 7966854 61.6
UCG-20-5pl sat 1226521 1088636 11.2
UTI-20-10pl sat 7604097 5533263 27.2

TEAH 7] 20 458 T 5K A 52 491 19 R 5 R B0 8 T B L.
TR = (Glucose3. 0 3% $(-Glucose3. 0_DDIDT
YL B / (Glucose3. 0 P 5 50 . L4 B F 2015
4E SAT 3538 Application 25 % Main Track 2H 19 %8
23524, Glucose3. 0 fil Glucose3. 0_DDIDT 3% Fi #H
) ) S A H gL R 9 P — " RR R S Y
FLE SR AN ] 3600 s A A 1K fife

MR 9 T LLE L BR 2 A S A0 e SR B T
7.0 1.9 008k AN S A T 1 2 T il ) A 1T
5 2 1 B3 DDIDT A bt Glucose3. 0 H] B AR
WRBCH 11.200~61. 696, WL 9 1 5250 K04k 7T A
T T A RO D 1 R AR A

AT A PEAS 3L DDIDT X 3K ff i & 1
AR, AT A A 0 5K fig &5 b 52 B T Bk
DDIDT ., H:rr, 5245k | F 2015 %] 2017 419 SAT
= FE M) Application 28 Main Track 4 ,3L 950 14>,
I ) BR 72 2 3600 's. 1 S 1E SR it 4% Glucose3. 0
F s DDIDT, B i Glucose3. 0_DDIDT 3R fi#
#%. Glucose3. 0 F15¢ £ 3T CDCL B ¥:HEZE, K &
AR AL 2 B GG T 2 T T2 o T B Ok 1 T
B ILAER SAT e, T — 45 T Glu-
cose3. 0 WUFE A 1 3K i 4% 55 38, & 10 51128 1 P Fh
SR 2 SR A 52491 £ 1> B

& 10  Glucose3. 0 F1 Glucose3. 0_DDIDT 3K fi# sE 5 1> £k

Benchmarks Status Glucose3. 0 Glucose3. 0_DDIDT

sat 137 155

Sat2015(300) unsat 93 93
sum 230 248

sat 56 62

Sat2016(300) unsat 76 79
sum 132 141

sat 72 80

Sat2017(350) unsat 69 64
sum 141 144

sat 265 297

Total(950) unsat 238 236
sum 503 533

AR 10 B S50 45 R ] LU 5 Ok MOAS 3K fife A
Glucose3. 0_DDIDT R #5451 2 50 FH 48 T Glucose3. 0
SRAFERIGK T 6. 006, Horp 32 TR B AE W] W A2 525K
BRI Glucose 3K fif #5819 % i1 # Audemard
Al Simon X AESCHRL13 ] 8 42 th 2 24 SAT K i
FRIR AR AR K 10 AN U I R A 2 A
HER M. Rt 3R 9 W RIS L B i DDIDT
XF T4 g R A 0 SR A 1R RE 2 A AR . B ] AR
DDIDT B4 — & Hy R e 3.



2320 it <A

Hl

e i 2019 4

R T I S AR R LA SR A i O 2 A 0 AT ]
PEH SAT 7% 7% v 2 BLAL 5 19 SR % 4 : Glucosed. 1,
MapleCOMSPS F1 Lingeling. H #, Glucose4. 1 J&
Glucose F KAk a4 (14 e B8R AT WUAS 73K fif o A vh
3 7 Y RO SR L 7E SAT 2017 5238 IAS Agile-
Track 4 B 58 = 44 ; MapleCOMSPS 3K fi# #3 =& 7F
Minisat 3K fif # 19 2 6l - 5 B TV 2 046 7 %
(inprocessing FUF (4 742 i PSS WE) . £ SAT2017

T AP LS Main-Track 20 1958 — 44 ; Lingeling 3R
fifp g W2 7E CDCL YA MELR | A 3 52 30 A0 5K i 4%
IR1ET 2013 4E K 2014 4F SAT 3% 3% Application 52
LA 56— 4% - E SAT 2016 2= 2 P B8 Main-Track
e =4, FATTEX =R g a5 b 20 Bl L8 T
DDIDT 835 4 R JE iR i 4 Glucosed. 1_DDIDT,
MapleCOMSPS_DDIDT # Lingeling_ DDIDT. % 11
FN2E T 6 B R ik A Y SR A S A H

F 11 AEKRERORFEIZG A

Benchmarks Status  Glucosed. 1 Glucosed. 1_DDIDT MapleCOMSPS  MapleCOMSPS_DDIDT Lingeling Lingeling_ DDIDT
sat 134 145 154 156 143 144
Sat2015(300) unsat 101 104 102 103 109 109
sum 235 249 256 259 252 253
sat 63 64 65 77 59 62
Sat2016(300) unsat 81 81 78 68 95 94
sum 144 145 143 145 154 156
sat 7 76 90 90 79 90
Sat2017(350) unsat 88 91 68 77 93 80
sum 165 167 158 167 172 170
sat 274 285 309 323 281 296
Total(950) unsat 270 276 248 248 297 283
sum 544 561 557 571 578 579

M 11 B S B 45 AT LU 3 SO A SK i 4%
(9 3R A 552 A K2 A BT K. Glucosed. 1_DDIDT
SRR MBAREE T Glucosed. 1 #2875 T 3.1% ; Maple-
COMSPS_DDIDT =K fi# & HH T MapleCOMSPS
SR T 2.5% ; #84 T Lingeling, Lingeling_
DDIDT WK EAL 2 1 — A4~ Horp, ook R i 4%
PEBE A9 4 i 32 SR B A 5K fige 7T 1 A2 S 491

K 7 FEn ok fi# £5 Glucose3. 0 F1 Glucose3. 0 _
DDIDT K fi# 950 A4~ 52451 (1) 32 47 i 1] %o L.

4000

o Glucose3.0
o Glucose3.0_DDIDT Be

3500

3000

1 1
300 400 500
AR K

& 7 Glucose3. 0 fil Glucose_ DDIDT 3 fi# B} [] % Lt

0 100 200 600

K 8 R M a8 MapleCOMSPS, Glucose4. 1,
Lingeling A & vt # ix MapleCOMSPS _ DDIDT,
Glucose4. 1_DDIDT, Lingeling_DDIDT 3K f# 950 4~

SIS AT IR Fe. B 7 FEL 8 oA i s 2k
SENT AT DA B AT o Bl U B 0kl £ 3R 5K
fiff IF (1] /N SR A A H B 2. Rt 7 T LR
1, Glucose3. 0 fil Glucose3. 0_DDIDT [ 3R fi# o [8]
HAZE KR Glucose3. 0 3K fifk 524 (4 i) ) %% {4 F 2 T
Glucose3. 0_DDIDT R fig 4 s [ 2, N[ 8 n] DL
th s 2500 0 LG A M RS 5 D R ROAS 1Y SR A RE
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trails, this paper proposes a decision strategy by rewarding
variables with a large value, in order to change assignment
sequence and converting the search path further.
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SAT problem is the most surprising aspect in the field
of automated reasoning, improving the efficiency of SAT
solver is often a cruel world. On one hand, local search
algorithms had been used for solving large random instances
of SAT; on the other hand, a complete CDCL algorithm,
which is a systematic backtrack search algorithm, a significant
fraction of proving unsatisfiability. Although hundreds of
techniques and heuristics have been proposed over the last
five decades to improve CDCL solvers, decision branching
strategy and restarts are still the two most important, The
DDIDT algorithm proposes a new decision strategy based on
the question of the restart strategy. The experimental results
show that algorithm DDIDT has the advantage of solving

Application benchmark.





