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1 Introduction

1.1 General

Propositional satisfiability problem (SAT) isaproblem of determining for a propositional
calculus formula whether it contains a contradiction and if it doesn't, finding a satisfying
assignment for it.

SAT holds acentral place in large family of computationally intractable NP-complete
problems ([1],[2]). Therefore, it'sunlikely that there is an algorithm solving it in
reasonable timein all cases. Nevertheless, there are a gorithms capabl e of solving many
instances pretty fast. Thereis abig interest in such algorithms, since the SAT problem
has extensive applications in Artificia Intelligence, Electronic Design Automation and
many other fields of Computer Sciences and Engineering.

Incomplete SAT algorithms, based on local search are capable to prove satisfiability on
many random and real-life SAT formulas ([3],[4],[5].[6]).

On the other hand, backtrack search complete algorithms, based on DPLL agorithm
([71.[8]) have been used for solving large number of real-world instances of SAT, a
significant fraction of which may be unsatisfiable. Some of the most efficient al gorithms
arerel_sat[9], GRASP[10], SATO[11], Chaff[12], BerkMin[19]. There are also complete
SAT agorithms based on other ideas ([13],[14], [15] for overview), but backtrack search
algorithms, based on DPLL are currently much more efficient for most of benchmarks.

1.2 ThisWork’s Contribution

In the next section of thiswork, we'll provide an extensive overview of existing
backtrack search complete algorithms.

In section 4 we'll propose innovations in many aspects of backtrack search algorithms
structure.

Thisincludes anew algorithm generalising DPLL, called CRSAT. Thisaso includes
improvements to non-chronological backtracking, new pruning methods, new heuristics,

new relevance-based learning technique, new effective data structure, new idea allowing



not repeating paths after search restarts and an idea of dynamically changing(and
minimising the number of) decision variables. All(but 2 new pruning techniques) of those
innovations are applicable for both DPLL and CRSAT.

In section 5 we'll introduce anew SAT solver(Jerusat) based on ideas brought in section
4 and bring empirical results, comparing its performance with performance of existing
solvers.

In Appendix A, we'll bring detailed pseudo-code sections and formal proofs that will be
usually omitted in the main part of the work.

In Appendix B we'll bring a detailed description of the new Jerusat solver, together with
extensive analysis of its performance.



2 Basic Definitions

In this section, we'll bring definitions, which are relevant to every part of thiswork.
Definitions and notations, which can be understood only in specific context, will be

brought in relevant sections.

A conjunctive normal form (CNF) propositional formula Son n binary variables A;...A,
isaconjunction of m FXMVw1« om. Each of the clausesis adigunction of one or more
literals, where aliteral IVODQRAPXWHIHR DYDUCEGIRUWQHIDIRQ ) RUHIFK FDX\H®
DGYDUCE®RI$ U DSRIMYHRAPAUHAHR $ VIQow ZH@D WDM $ 7 U DQGHIDRYH
RRPUHAHR $ VIQow ZHOD WD $ ) RKHZDMVHZHOD WM $

, QWLYVZ RN DAWWRNRQZ LOFHGHRMSE Y DFRMANRQE. A DIGD@®ILFHDORMA ©
A CNF formula S denotes an n-variable Boolean function f(x;...Xy).

In thiswork, we'll suppose that S doesn't contain tautological clauses, i.e. clauses that
contain an occurrence of aliteral and its negation. Anyway, such clauses can be easily
removed without changing f.

The SAT problem is concerned with finding an assignment (or interpretation) to A;...An
that makes f equal to T (for ssimplicity, the value TRUE for avariable will be denoted as T
and FALSE as F) or proving that the function have no such assignment. If such an
assignment exists, it is referred to as a model or a satisfying assignment. Any assignment,
which is not amodel, isreferred to as an unsatisfying assignment. If f hasamodel Sis
called satisfiable; otherwise it's called unsatisfiable.

$ QDAMIQP HNP D DOR EHAHRMEDVDIXRANRQo Z KHH
- o $)=Tif Aj V7 X
- a $)=Fif Aj V) XQHh
- o $)=Xif Aj VQRNLYHQ YDOHXQ3Ho.
) WHHH IMVL VW0 $i ;  WWDQo LVDpartial assignment, otherwiseit's a complete

assignment.



: HOOD \WDDSRIWMYHOMDSS M\DMUEGE aola $ 7 @ HOD WDADQIDLYH
OMD:$ MDNWILHGE ol o $ ) 8QDNIHOWR $ Rk$ B o WAHLHE
similarly.

: HOD WD DGe$ DHXQEH LHSRUQRWDMIHSDYDOHXQG o U o $
2\WHZ MH ZHD \WDNOMDORUYDUCEM $ LV DMIQHE D YDOHXQEH o

It may also be convenient to denote an assignment for aformula Sas set of literals. For
example, if6 $ A 83 Y% A v%Yn& than{-A,B,C} isan unsatisfying
assignment and { A,B,~C} isamodel.

: HOGHRME 6.0 DQZ &1) IRP XD Z KK LYDUAXOR
1. SHPRMQ IWRP 6 FIX\HY Z KHIHDABDMRHOMBDOV\DM LHGE o
2. SHPRNQ IIRP 6 FIXVH/HDINRQVR MDY Z KIFK DHXQDIW LHGE o

A literal Aisreferred to as pureliteral if =A doesn't appear isS. $ FDX\Ho LVUHHIHG\R

as unit clause LI o consists of asingle literal.

Finally, we would like to state, that we'll use the soundness and compl eteness theorem

for the propositional 1ogic without mentioning it explicitly.
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3 DPLL Algorithm with Enhancements Overview

In section 3.1 we'll introduce the basic DPLL agorithm. Extended overview of existing
methods, which boost the performance of modern SAT solvers, based on DPLL
algorithm is brought in 3.2.

In 3.3 and 3.4 we'll bring extended overviews of modern branching heuristics and data
structures for CNF representation. Both are critical for performance of DPLL-based SAT
solvers.

In 3.5we'll briefly overview pre-processing techniques, which are methods to be applied
on a CNF formulabefore running a SAT solver onit.

3.1 Davis-Putnam-Loveland-Longmann Algorithm (DPLL)

In this section we' |l describe the famous DPLL agorithm.

3111 Working Principle of DPLL Algorithm

DPLL algorithm ([7]) (it is sometimes called DP in literature) is a backtrack search
algorithm, which searches the assignments space for amodel.

Briefly, it works as follows:

, VWRR®V D SDMWICDMI QP HQN, DG WHARH \WWMGIVA DAMJIQQ) YODH/\R RQ DMJIQHG
YOUCE®Y 7KHYDOHP D EHIP SRHGE\ RKHJYDUDEGM] YDOHY XQHU, RURKRHD
NMERAARXQMY, BHRP HYDIXADIMI QP HQAMQZ KLFK FDHWHI RUP XD LWADIW LCEBIRU
\WHHLYVFODXVHWDAY)  XQ3H o,

In the latter case it backtracks, i.e. it unassigns lately assigned variables until it finds a
variable, which can be assigned to another value. If such variableisn't found, the input
formulais unsatisfiable, otherwise it goes on with the backtrack search process.

In subsection 3.1.1.2 we'll bring aformal definition of DPLL algorithm

11



3112 Recursive DPLL Algorithm

[ W6 BEHD&1) |RP XDDOGe BHBQHP SW SOMDO DMIQP HQV7KH' 3/ / DORIKP

EHBZ WAMOQ/HWH7 o LQZ KIFK FDH6 WADILLE®IDQG 0, LVDP RAHRUY A 1Q

which case Sis unsatisfiable.

"3/ 6a N

2 conditions: Check thefollowing 2 conditions
,1 6 WVHP SW UHMDN7 o

2) If S contains an empty clause, return {F,{}}

3rules: Apply one of the 3 rules below(choose any, if morethan 1 can be applied)

1) Pure-literal rule—if there existsapure literal Ain S(*s.t. -A doesn't appear in SF),
WHOB a87A7 S5HMD' 3// 6B B
2) Unit clauserule—if Scontainsa unit clause{A} (*clause consisting of asingle
QMDD WHOB $87A7 5HM®D" 3// 6B
3) Splitting rule — Choose aliteral A. Choose arbitrarily between :

@ B a8"AT7" y=08"A,F}

(b) y 08"AT7" B=a8"A,F}
A3/ 68 A7 MO 37 HOHUAM®D' 3// 6y

3113 Exploiting Decisions Freedomin DPLL Algorithm

One can notice that there are two important choices to be made at each stage of the DPLL

algorithm: choosing literals for the splitting rule and choosing the implication order of the

3rules.

12



31131 Choosing Literalsfor the Splitting Rule

In [18] it's suggested that branching heuristicsis less important that efficient search
pruning techniques, but this statement is disproved by results shown in [19] and [12].
According to those works SAT solvers BerkMin and zChaff respectively achieve much
better results using good branching heuristics. We'll overview different branching
heuristicsin 3.3. We don't bring the overview here, since some heuristics use the

information saved by enhancing techniques brought in 3.2.

31132 Choosing the Implication Order of the 3 DPLL Rules

Generally, application of pure-literal rule as well as of the unit-clause rule should be
preferred over application of the splitting rule. This because the first 2 rules restrict
variable to one and only one value, while the splitting rule give to variable 2 different
values. Therefore, if we use thefirst 2 rules, we don't need to search the assignments
space with the second variable' s possible value. Of course, the pure-literal and the unit-
clause rules don't hurt the completeness of the algorithm, otherwise DPLL hadn't been
complete.

In practice, there is no specific engine for detecting pure literalsin state of art SAT
solvers, since

1) Time waste resulting from running such an engine is more than time gain resulting
from using pure-literal rule.

2) Good heuristics may choose the pure literal as aliteral for the splitting rule.

In contrast, the unit clause rule role is extremely important in building an efficient SAT
solver. In fact all modern solvers are using the unit clause rule as many times as possible
between splitting rule usage. The whole process of identifying unit clauses and applying
the unit clause ruleisreferred to as Boolean Constraint Propagation (BCP)[17] .

BCP can aso be seen as identification of necessary assignments for variables, in process
of searching for amodel for a CNF instance. For example, if

13



6 $ A oSYW A -$Ya%Ye& A v&Y' Y( ,thenby applying the unit clause
rule, we get aset of assignments{A, B, -C}.

Modern SAT solvers spend most of their timein the BCP process ([12]), thusits
implementation and data structures used for it are of major importance. We'll talk about

it extensively in 3.4.

3.1.1.4 Definitions and Notations Induced by DPLL Algorithm

In this sectionswe' Il bring DPLL related notations and definitions.
We'll say that avariable/literal A, that was assigned avalueisa
- 1% sidevariable/literal, if it was assigned avalue as aresult of splitting rule
applicationand* 3// 63 LVSHIRPHG
- 2" sdevariableliteral, if it was assigned avalue as aresult of splitting rule
applicationand' 3// 6y WSHIRPHS
- decision variable/literal, if it'sa 1% side or 2" side variable/literal
- implied variable/literal, if it was assigned a value as aresult of unit clause rule
application.
- non-implied variable/literal, if it's not an implied variablée/literal.

Another term we introduce is decision level. Each variable assigned a value during the
DPLL agorithm has an associated decision level, which is the number of decision
variables just after assigning the variable. We'll also refer to decision level of aliteral
meaning the decision level of its variable.

Another notion isthat “ decide A’ , means assign A thevaue T and “decide A”, means
assign A thevalue F.

: HDD \WDNFDX\He LVORimplication clause of literal A, if A isanimplied litera, s.t.
o LWWWHXQWFDXVHZ KIFK P DEHXMQJ \WHXQWFDX\VHWXGISRME® I RU$S

Another term is decision stack. Throughout the run of DPLL, al the assigned variables
are held on a stack. We push to the stack each newly assigned variable and pop from the
stack each newly unassigned variable. Observe, that in case of recursive DPLL
Implementation, the stack of recursion serves as a decision stack.

14



WEe'll also introduce a decision tree — atree data structure that enables usto conveniently
present the system at each stage of DPLL agorithm. We define it slightly differently than
it'susually defined.

Each vertex of the decision tree corresponds to a splitting-rule application. Edges that are
below avertex and are connected to it correspond to decision variable A and al the
implied literals which were assigned as aresult of A's assignment (the implied literals are
written in brackets). The tree depth of an edge is the decision level of variables associated
with it. Each branch corresponds to a conflict or to a satisfying assignment. Pre-order
pass on the tree gives us all the splitting-rule applications in the order they have been
made. Below is an example of a decision tree resulting from running DPLL agorithm on
asimple unsatisfiable CNF formula defined on variables { A,B,C,D,E} whichisa
conjunction of the following clauses:

o1 B3Y' o, ©vB&Ye' Y( w3 ©&Ye' Yo( s &Y( o0s =
&Yo( g = Av CvD.

Fig3.1.1.4

3115 lterative DPLL Algorithm

After the discussion of previous subsection, we can introduce an iterative implementation
the DPLL agorithm. It will be useful for subsequent sections discussion.

More detailed iterative DPLL implementation may be found in Appendix A.

15



DPLL:
1. \While (TRUE)
1.1 If last decision variable A of last conflict was 1%t side variable
1.1.1.Assign Ato the 2 side and run BCP

1.2. Othenwise, choose the next 1t side variable, assign it and run BCP
1.3. If there is a contradiction

13111 Unassign it together with variables implied as a result of BCP after A's
assignment.
13112 Markthat thereis a variable to be assigned
1.31.13. Breaktheloop1.3.1
1.3.1.2. If the last decision variable Ais 2 side variable
13121 Unassign it together with variables implied as a result of BCP after A's
assignment.
13122 Continue the loop 1.3.1
1.4. If all the variables are assigned
14.1.Retumn SAT
1.5. If there are no variables assigned and there is no variable marked to be assigned

1.5.1.Return UNSAT

3.2 Enhancing DPLL Algorithm
In recent years, many ways of improving the basic DPLL a gorithm were suggested.
We'll overview it in this section.

3.2.1 Conflict Analysis-Driven Learning

The most powerful set of improvementsto the basic DPLL agorithm is based on

analysing the reasons bringing to each conflict and learning from it. In this section we'll

16



overview different possibilities of learning from conflict analyses. In subsection 3.2.1.1,
we' Il introduce the concept of implication graph and related concepts, which will be very
helpful in explaining different learning schemes in subsequent subsections.

3211 Implication Graph

Implication graph is a directed acyclic graph. Each vertex contains aliteral corresponding
to an assignment of a value to appropriate variable. Each literal has adecision level
associated with it.

Each assigned variable A has a vertex associated with one of its literals corresponding to
its assignment sign. In what follows “vertex A” means “vertex corresponding to literal A
in the implication graph”. We'll sometimes say “A” meaning “vertex A”.

Thereis an edge from avertex A to vertex B iff

X o LVORLP STFTONRQFIX\WHR %

X ov$ 7 o BSHYIQo

Observe, that during the run of DPLL algorithm each variable A is either:

X Not assigned

x Decision variable. In this case it has no implication clause.

x Implied variable. In this case implication clause of A isaclause where A was
implied.

By saving the implication clauses at the moment of assignment (in appendix A pseudo-

code it's saved in ImplicationClause) we implicitly keep an implication graph at each

stage of the algorithm.

The reason for each contradiction is the fact, that thereisavariable A (referred to as
conflicting variable) that has to be assigned both T and F as aresult of previous
assignments. Therefore A will be the only variable, which will have a vertex for both of

its literals in the implication graph after a contradiction.

17



In what follows, when referring to theimplication graph, werefer only to the parts
of implication graph, which are connected to the conflicting variable vertices (unless

explicitly stated otherwise).

Below on the left is an example of an implication graph for a particular set of
assignments for a conjunction of clauses given. A branch of decision tree corresponding

to it is presented on the right.

w1 2+Y Y*Yo% w, $Y¥W w3z = BvCvDv H;
s B8%Ya(Y. os " Ye&Ye*Y( wg= Ev K

K(3)

o -A(B)

-D(G,C,EK,-K)

"1UIP, 2UIP cuts

\

\
\
\
\

. “Rd saot  Fig3211
Non-implied varigbles cut

In an implication graph, vertex A is said to dominate vertex B iff any path from the
vertex of decision variable of the decision level of A to B needs to go through A.

A Unique Implication Point(UIP) ([10]) isavertex of aliteral of last decision level that
dominates both vertices of the conflicting variable. A decision variable vertex is always a
UIP. There may be more than one UIP for a conflict. UIP' s can be ordered starting from
the conflict. In our examplethere are 2 UIP's: E isthefirst UIP and D isthe second UIP.

18



By analysing the implication graph after a contradiction, we can deduce sets of

assignments that are enough to produce a conflict.

3212 Cause Recording Schemes

Clause recording is a pruning technique that the main idea of it is after each contradiction
to identify a set of assignments (which isalso aset of literals) that is enough to produce
the contradiction. Such set of literalsisreferred to as conflict’s reason. Then aclause,
which isreferred to as a conflict clause that prevents such set of assignments to occur
again is added to theinitial formula. By adding such clauses we prune the search space.
Thisideawith respect to the SAT problem was firstly introduced in [9] and then in [10].
It was further devel oped and generalised in [31].

It was known as no-good learning in the literature on Truth Maintenance Systems
([32],[33]) and Constraint Satisfaction([3].

A conflict clause is generated by a bipartition of the implication graph ([31]). All the
decision variables are on one side of partition (called reason side). 2 vertices of the
conflicting variable has to be on the other side (called conflict side). All vertices on the
reason side that have at least one edge to the vertices of the conflict side comprise the
reason of the conflict. The conflict clause is received by taking the digunction of

negations of literals corresponding to such vertices.

Different cuts correspond to different learning schemes.

We are ready now to describe different cuts and corresponding conflict recording

schemes.

32121 Rel_sat cut and conflict recording scheme [9]

Rel_sat isone of thefirst SAT solversto incorporate learning. Rel_sat puts all variables
assigned at last decision level, but the decision variable on the conflict side and all others

variablesonreasonside. HvDv B isaconflict that would be recorded according to

this scheme in our example.
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32122 GRASP conflict recording scheme[10]

GRASP(a SAT solver name) tries to learn as much as possible from a conflict. It records
afew new clauses after a contradiction.

Before describing it, it's worthy to note that GRASP algorithm is alittle bit different
from one brought in 3.1.1.5.

GRASP considers what we called the 1% side variables to be 2real decision variables. If
thereis a conflict straight after assigning 1% side variable GRASP may try to check the
second side of an implied variable, which isthefirst UIP. Such adecision is called 2fake
decision®. The implementation of thisideais conflict-recording based. GRASP adds a
clause corresponding to a partition where all variables assigned after the first UIP are on
the conflict side. In example 3.2.1.1 this corresponds to -Bv-E. Observe that after
backtracking E hasto beimplied, asthe new clause becomes a unit clause.

If thereis aconflict straight after assigning area decision variable, GRASP adds another
clause, which is a UIP reconvergence at the current level. Such clause is produced by
taking al the literals, but the UIP litera from the clause where the UIP literal was
implied and replacing each such literal B by literals from clause where B was implied. In
our exampleit meansadding BvDv Hv E foraUIPliteral E. Thiskind of learning
isused only if there exists some reconvergence in the part of graph where the learning
takes place. Otherwise, no new information can be added by such learning. Observe a so,
that this kind of learning may take place even if thereis no contradiction right now.

In addition, if 2fake decision® has been made and there is a conflict straight after it,
GRASP adds a clause corresponding to a cut, where all the vertices at the current
decision level (including the fake decision variable) are on the conflict side. Observe that
the fake decision variable is always associated with a clause where it was implied,
therefore it cannot be considered areal decision variable, thus such cut doesn't contradict

the definition of valid bipartition brought above.
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32123 Non-implied variables cut and conflict recording scheme([31])

Thisis asimple scheme, which adds only the non-implied variables connected to the
conflicting variable vertices, to thereason side (AvDv H inexample). The original
name of the cut is Decision cut. In fact, in the DPLL algorithm, the set of decision
variablesisidentical to the set of non-implied variables, therefore those 2 names have the
same meaning. But as we' |l see there are other non-implied variables in the new
algorithm CRSAT and it's more convenient for usto call this cut 2non-implied variables
cute.

In Appendix A.2 we bring pseudo-code for identifying non-implied variables connected

to the conflicting variable vertices after a conflict.

32124 1UIP, 2UIP,...,AllUI P cuts and conflict recording schemes([31])

The 1UIP scheme adds one clause after each conflict. It requires that the variables

assigned after the first UIP will be on the conflict side and all others will be on the reason

side. Observe that this clause corresponds to one of the clauses added by GRASP
(described first in section 3.2.1.2.2).

To describe the 2UIP,3UIP...AlIUIP schemes we need to introduce the idea of UIP
generadisation([31]). The concept of UIP may be generalised for decision levels other
than the decision level at the moment of detecting a contradiction. Vertex A at decision
level disaUIPiff any path from the decision variable of d to the conflicting variable
needs to go through A or aliteral on the reason side of a decision level higher than A.
Note that decision variables are always UIP's. In what follows UIP' s of each level will be

ordered starting from the conflict.
The iUIP scheme requires that the first UIP' s of the last i decision levels will be on the

reason side just before partition. The AllUIP scheme (example on fig. 4.7.2.b) requires
that thefirst UIP' s of al decision levelswill be on the reason side just before partition.
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The algorithm for finding iUIP cut is as follows:. the solver needs to find the first UIP of
the current decision level, then al variables of current decision level assigned after it that
have a path to the conflicting variable will be on the conflict side; the rest will be on the
reason side. Then the solver will proceed to the previous decision level variables and so

on.

32125 MinCut cut and conflict recording scheme([31])

This learning scheme tries to make the conflicts as small as possible. This corresponds to
aproblem that given an implication graph, remove the smallest number of variables so
that there would existed no path from the decision variable to the conflicting variable.

Thisisatypical min-cut problem.

3.21.2.6 Conclusions

In previous sections we described existing clause recording schemes. In [31] thereisan
extended review of it aswell as some practical results comparing it. 1UIP seemsto
perform best on different benchmarks.

Other schemes as well as combinations of existing ones may also be considered as a
possibility when designing a new SAT solver.

Another thing worth to mention is that clause recording schemes are different not only in
clauses produced, but also in time it requires to produce the recorded clauses according to
each scheme.

All the described schemes, but the MinCut schemes are of O(V+E) complexity, but the
time required to run each one of it in practice may differ.

This also should be considered when choosing an appropriate scheme for a SAT solver.
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3213 Relevance-Based Learning

It's not practical to keep all the learned clauses both because of space restrictions and the
Increasing complexity of the BCP process, therefore some of them must be deleted.
Different relevance-based learning techniques allow us to delete not relevant clauses. The
difference between them is what clauses should be deleted and when should they be
deleted.

The first relevance-based learning technique has been proposed in [9]. According to it the
clauses are deleted as soon as the number of unassigned literals becomes greater than
some threshold ke

A similar idea, so called k-bounded learning, is proposed in [10]. According to it, clauses
with asize less than athreshold k are kept during the subsequent search, whereas larger
clauses are discarded as soon as the number of unassigned literalsis greater than one.

A generalisation of the last ideais proposed in [34]. According to it, the search algorithm
Isorganised so that all recorded clauses of size no greater than k are kept and larger
clauses are deleted only after m literals have become unassigned.

Finally, it's proposed in [19] to choose clauses to remove not only according to their size,
but also according to their 2activity®, i.e. the number of timesits literals participated in

conflicts and 2age®, i.e. when was it recorded.

WEe'll propose another idea for relevance-based learning in 4.8.

3.21.4 Non-Chronological Backtracking

Basic DPLL agorithm aswell as many SAT solvers based on it is aways backtracking to
the lastly assigned 1% side decision variable.
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However it's possible in some cases to backtrack to earlier decision levels, therefore
skipping 2" side checki ng of some decision variables. Thisideawasfirst proposed in
[33]. It isincorporated in many modern SAT solvers([9],[10],[12] and others).

The existing implementation of thisideafor SAT solversis conflict analysis based.
WEe'll explain it on an example.

Suppose that there is a conflict just after the BCP procedure after assignment of 1% side
decision variable D of 3% decision level (see implication graph on fig. 3.2.1.4.a). Observe
that the clause corresponding to the 1% UIP cutisw 1= Bv E. It does not include any
variables of decision level 2.

$ WIXQOMIQQ] (@1 becomes unit, therefore  E should be implied immediately.
This corresponds to the GRASP conflict recording scheme described in 3.2.1.2.2 and
isn't implemented in basic DPLL agorithm brought in 3.1.1.5.

Suppose, that after deciding E, thereisaconflict and the situation is one displayed on
3.2.1.4.b. The clause corresponding to 1% UIP cut ism,= BVE 2 EVHYHWDMb, as well
DV, does not include variables of 2™ decision level.

2 BVHYH WWDAb19 w, isacontradiction if B is assigned to F. The values of the variables
of 2™ decision level don't influence this fact. To unassign B we have to non-
chronologically backtrack to decision level 1 and we are skipping the 2™ decision level!

B(1) 1UIF’CUI B(1) 1UIP cut

-L(3) K@)

Figure3.2.1.4.a Figure3.2.1.4.b
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3.2.2 Search Restarts

By restarting the search we mean stopping the backtrack search process at some point,

unassigning all the variables and starting the search again, using different assignment

order. Search restarts have been proposed and shown effective for real-world SAT

instances in [21]. In the above work, restarting is applied after constant number of steps.

It may help avoiding staying along time in dead-end branch. However, it harms the

completeness of the algorithm. To achieve completeness using restarts the following

Ideas were introduced:

1. Recording conflict clauses and keeping all the recorded clauses in the database([22])

2. After each restart increase the number of steps after which next restart is
applied([23])

3. Recording conflict clauses, keeping only part of it in the database, but increasing the
number of clauses recorded after each restart([12])

4. Keeping the search signature([24]) (explained below).

Thefirst solution is not practical. The 2™ and 3 solutions have the drawback, that paths

in the search tree may be visited more than once after each restart.

The 4™ solution tries to cope with this problem. It induces a relevance-based learning

technique, optimised for restarts. Suppose, that the decision variables on the stack are

A;(lowest decision level)...An, and we are just after backtracking. Suppose we want to
restart at this point. Suppose that Aiqy).. Aik) are the variables from A;...An, that
participated in some conflicts after last restart. Observe, that the conflicts which contain
one of Aiq)...Ai) are enough to define the search tree that was explored. Therefore, we
can delete the other conflict clauses and still ensure that no path will be repeated after the
restart.

The drawback of thisideaisthat the length, the age and the activity of the clauses deleted
are not taken into consideration. Therefore al the relevance-based techniques described
in 3.2.1.3 cannot be used. In particular, even very short clauses, which exclude from
further search big parts of search space, may be deleted.

In 4.6.2 we propose a solution, which enables us to prevent paths repeat and allows usto

use all the existing relevance-based |earning techniques.
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3.2.3 Exploiting the Structure of SAT Instances

These techniques exploit the structure of CNF formulato simplify the search. We'll

briefly overview them basing on the overview in [34].

3231 dCause Subsumption

Consider theclauseso  $ Y%Y&Ye' ¢ $ Y% 2 EVHYHWDM vy V7 XQGHMPH
LQMBHBNRQWD o LVDOR7 : HWD WDA structurally subsumes o ' XUQJ) \WHVHDUK
some clauses may become dynamically subsumed by others. For example, if ®

*Y$ Y%Y&Ye' vy . Y$ Y%DG* DG, DHDMIQHS) GAUQ) WHVHDUK WDy
\YXBEVXP WV

2 EVHYHWDAL \RP HRDX\Ho LVNKEMKP HGE\ \RP HFDX\VHy \WWDQw P D BHH FOG-G
from the database, since it doesn't influence the value of inspected function. If the
KEVXP SWROLYG @P LF o WKRXG EHUWHMIHG R \WH @BEDH D WUXQ@OWMI P HOAR

variables responsible for appearance of subsumption.

There exist afew ideas, when can the subsumption take place during the run of backtrack

search agorithm:

1. Apply structural subsumption between each pair of clauses prior to the search.
This approach produces very little number of subsumed clauses for most of the
benchmarks([35]).

2. After each BCP after decision assignment exclude the new dynamically subsumed
clauses and include it again after appropriate unassignments.
This approach isimpractical since it requires significant overhead ([34]).

3. Eachtimea new clauseis recorded apply structural subsumption between it and
existing clauses.

This approach also requires significant overhead and is hardly justifiable ([35]).

3232 Formula Partitioning
Let X={X1...Xn} and Y={y1...ym BEHAWRQNHVR YDUCE®V / W BHD&1) IRP XD
AHIHGRY; DGy EHD&1) IRP XDGHCHGRQ<
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/| HM BEHD&1) IRP XD VWo. o Ay 1 ZHZ BRAR SIRYHWDAKHHLY QR P RGHJ RUa
W HRXIK VR SIRYHWDAWKHHLYRP RGHORUw or y LH Q' 3/ / DORIMP RQw DGy
separately ,| ZHIRXQGDP RGHO RUw and DP REGHORUy LW HOQVWWDAL KDVDP RGHD
which isaunion of 2 models, found.
7KHHRHU VRP HIRP XDo. P D BHSEOWWRHGW (ROWYIDOHAR  RUP RIH&DL)
formul as defined on digjoint sets of variables, we may run DPLL agorithm on smaller
formulas. This situation may occur dynamically during the backtrack search.
Obvioudly, for identifying such situations we need to run some procedure. There exist a
few ideas, when can such procedure take place during the run of backtrack search
algorithm:
1. Prior tothe search
Thisis not expected to be relevant on practical benchmarks([34]).
2. After each BCP following decision assignment
This approach isimpractical since it requires significant overhead([34]).
3. Theprocedureisimplicitly run when decision assignments are restricted to variables
in a partition.

This approach can simplify the search as suggested in [35].

3.3 Branching Heuristics

In this section, we'll describe existing heuristics for choosing the literal for 1% side
assignment.

A 2good°® branching heuristics is one which enables in a branch containing an assignment
to quickly find it and in a branch not containing an assignment to quickly find
contradictions. Another important demand to a branching heuristicsis that it could be
calculated with as less overhead as possible.

In 3.3.1 we'll overview branching heuristics, which do not use the information gathered
during new conflicts analysis. In 3.3.2 we'll overview more recent branching heuristics,
based on conflict analysis. Modern SAT solvers use such heuristics (Chaff[12] was the
first oneto useit), sincethereisvery little overhead using it and it helps to achieve

significant gainsin performance ([12],[19]).
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In 4.4 we'll propose a new conflict-analysis based heuristics.

3.3.1 Conflict Analyses Independent Branching Heuristics

Before observing the heuristics itself, it's worth to mention an interesting idea proposed
in [25], athough it is not (yet?) implemented in modern SAT solvers. Theideais not to
apply one branching rule during the whole search process, but to give each branching rule
the possibility to make a decision assignment from time to time. For details of different

ways to select arule at every point please refer to [25].

It's a'so worth to mention that in [18] thereis areview of conflict analyses independent

heuristics together with experimental results comparing it.

3311 Bohm(26])

The Bohm branching rule selects the variable A with maximal vector

(H1(A),H2(A), % Hn(A)) in lexicographical order, where

H'$ o«APO K(A)h 8% BAPIQK(A)N( A)),

where hj(A) isthe number of unresolved clauses withi literals. Selected litera gives
preference to satisfying small clauses (when assigned true) or further reducing the size of
\P DOFODX\H Z KHQDMIQGHGIDOH o DGH DIHAKRHKHUMNIDD 9 DDH/o, DG

B DHWIRMGLO> @

3312 MOM-Maximum Occurrence on Clauses of Minimal Size([27])

The MOM branching rule selects avariable A that maximises

(F*(A)H*( ADAK+f*(A) A ©$ ZKHHI OLKHQP BHR RIEXUHIH/R QMDD
in the smallest unresolved clause. Asits name suggests, the rule gives preference to
variables that occur frequently as positive as well as negative literal in many clauses

The value of k can vary. For exampleit's used in Satz([28]) with k=10.
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3313 Jeroslaw-Wang Heuristics([29])

For agiven literal A, compute:

_ -(length of \
JA) = : 2-tengihoty

ysty$ 7
The one-sided Jeroslow-Wang (JW-OS) heuristics selects the literal with largest J(A).
The two-sided Jeroslaw-Wang (JW-OS) heuristics identifies variable with largest
J(A)+J( A) and assigns A thevalue T if J(A)e - ( A) and the value F otherwise.

3314 Literal Count Heuristics([18])

Let Cy/Cy be the number of unresolved clausesin which a given variable A appears as a
positive/negative literal.

DLCYDynamic Largest Combined Sum) heuristics selects the variable with maximal
CotCh. A literal of A to be selected is positive iff Cpe &5.

DLIS(Dynamic Largest Individual Sum) heuristics considers literals, not variables. It
selects the literal with maximal Cy(for positive literals) or Cy(for negative literals).
RDLIS(Random Dynamic Largest Individual Sum) heuristics selects the variable with
maximal C,+C,. A literal of A to be selected is chosen randomly.

3.3.2 Conflict Analyses Based Branching Heuristics

In this section we'll overview conflict analyses based branching heuristics.

3321 VSIDS (Variable State Independent Decaying Sum Decision) Heuristics([12])
Thiswas the first heuristics based on conflict analyses that was proposed. It's defined as
follows:

1) Each literal has acounter, initialised to O.

2) When aclause is added to the database , the counter associated with each literal in the

clauseisincremented
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3) Theliteral with highest counter valueis chosen
4) Tiesare broken randomly, although it's configurable
5) Periodicaly all the counters are divided by a constant (2 for Chaff[12]).

This strategy can be viewed as attempting to satisfy the recent conflict clauses. It's
dynamic, since it gives preference to information received recently and therefore adjusts
itself quickly to the changesin database. It also has extremely low overhead, since the
statistics can be updated during conflict analyses.

Chaff uses STL set(which isimplemented by Red-Black Tree) to maintain the variables
sorted by counter value. After each update of the scores, the vector is sorted using
stable_sort, which implies alower bound of O(n AR Q DQEDRXSSHUERXQGR 2 QA ®J

n)?) for n variables.

3322 VOX(Variable Ordering Extension) Heuristics([30])

This heuristicsisavariation on VSIDS. The fact utilized by the author of VOX isthat
after each conflict recording only the variables participating in the conflict clause should
be rearranged in the ordering. Let the number of such variables be k. Using STL Multiset
it's possible to remove all those variables, sorting it and entering it into back the main
vector. The Deletion and Insertion operations for the STL Multiset are bound by O(log
n). It'saso needed to divide all the variables by a constant. Therefore the overall runtime
isO(n+k(logk)? +k AR Q 8 QRWDMD \KLYKHUMNFY GRAVQIWI LYHDGYDQMIHY/
over VSIDS in experiments([30]).

3.3.23 BerkMn Heuristics ([19])

In avery recent article [19] anew heuristics is proposed. It's complex, but isjustified in
experiments ([19]).

BerkMin (SAT Solver using the new heuristics) holds the clauses in a chronologically
ordered stack (the top clause is the one deduced the last). A new branching variable is
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always chosen among the free variables of the upper-most clause, which makes the
choice even more 2dynamic® that VSIDS's. The variable selected is chosen as follows:
BerkMin holds a counter for each literal. This counter role and management is similar to
one of VSIDS. The important difference isthat BerkMin increases the counter not only
for the literalsin anew conflict clause, but for al literalsinvolved in conflict making.
The value of a constant, the variables are periodically divided by, is4. The variable
selected is one with largest value of the counter.

A rather complex procedureis used for determining the literal to be chosen first. We
omit it here and refer the reader to [19].

3.4 Data Structures Representing SAT Formula

Data structure enabling to implement BCP and backtracking efficiently is crucial for a
SAT solver, since those operations are executed millions of times.

In order to efficiently implement the BCP procedure, a data structure should alow usto
find fast unsatisfied and unit clauses after each variabl€e' s assignment. In order to
efficiently implement the backtracking, data structure should allow usto make asless as

possible operations to maintain the data structures consistent after backtracking.

Most backtrack search SAT agorithms represent clauses as lists of literals and associate

with each variable 2 lists of clauses + one for each literal.

One obviousideaisto hold for each literal A referencesto all clauses containing A. Such
data structures are called adjacency lists. However such data structures do not reflect the
fact, that most of references to each clause need not be analysed when each itsvariable is
assigned. Lazy data structures keep areduced set of clauses for each literal and are much
more efficient than adjacency list data structures ([20]).

Below we review the lazy data structures. For areview of adjacency lists data structures
(aswell as an dternative review of the lazy ones), one can refer to [20].

In 4.5 we'll propose a new efficient lazy data structure.
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3411 Sato's Head/Tail Lists([11])

The first lazy data structure proposed was the Head/Tail (H/T) data structure, originally
used in the SATO solver ([11]).

Each clause isimplemented as an array. The origina order of literalsin the array is
arbitrary. Each array cell (or clause cell) contains literal number and pointer to previously
visited literal. Initially al these pointers are set to NULL.

Each clause will initially appear on 2 literals lists (say, literals A and B). More
specifically, references to 2 different clause cells containing A and B will be on thelists
of A and B. Wewill call those referenced clause cells: head and tail. Initially, the first
array cell isthe head and the last array cell isthetail.

At each point of the algorithm's execution, each clause can have many referencesto it,
but there will always be head and tail clause cells.

Each time avalue is assigned to avariable or a variable becomes unassigned, the
algorithm traverses the list of clauses of corresponding literal. The algorithm is built in

such way, that all the clause cells appearing on such list are head/tail.

On each visit to a clause for an assignment operation(say A isassigned T), the algorithm

traverses the cells of that clause one by one from the head/tail towards the tail/head. If it
finds a satisfied literal, the clause is declared satisfied and the algorithm passes to the

next clause. If it finds an unassigned literal B, it:

- addsthe clause cell of B to thelist of B and this cell becomes the new head/tail

instead of A
- makesthe pointer to previously visited literal of the cell of B to point to the cell of
A

If it doesn't find not satisfied nor unassigned literal before the other reference is reached,
then the clause is declared unit, unsatisfied or satisfied according to the status of the
tail/head.
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On each visit to a clause for an unassignment operation(say B haltsto be F), the

algorithm checks the pointer to the previously assigned literal of B cell. If it'sNULL, it
makes nothing. If it points to other clause cell(say containing literal  A), the algorithm
removes the clause cell of B from thelist of B. Asaresult, A becomes the new head/tal
and B haltsto be the head/tail.

34.1.2 Chaff's Watched Literals(\WL)([12])

In [12], another lazy data structure is proposed. The differences from H/T are that

- each clause has 2 and only 2 referencesto it

- thereisno difference between the 2 references (each oneis called 2watched®).
There is aso no need in pointers to the previous literals in each cell.

On each visit to a clause for an assignment operation(say A isassigned T), the algorithm

traverses the cells of it, one by one from thefirst cell towards the last cell. If it findsa
satisfied literal, the clause is declared satisfied. If it finds an unassigned litera B it:

- addsthecell of B to thelist of B (the cell of B becomes watched)

- removesthecell of A fromthelistof A (thecell of A haltsto be watched)

If it doesn't find not satisfied nor unassigned literal, then the clause is declared unit,
unsatisfied or satisfied according to the status of the other watched literal.

Using this data structure there is no need in visiting clauses during the unassignment

operation. Thisis aclear advantage of WL over H/T. Another advantage is that there are
only 2 referencesto every clause, while H/T might require number of references
comparable to number of literalsin the clause.

The drawback is that on each visit to a clause all the literals may be visited.

3413 Head/Tail Lists with Literal Sifting (htLS) ([20])

This data structure is proposed in [20]. It is based upon H/T data structure. The main idea
isthat the clause cells between the first cell and the head cell are kept sorted according to
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non-increasing decision level. The cell between the last cell and the tail cell are kept
sorted as well.

This sorting is achieved by sifting assigned literals at each visit to a clause for an
assignment operation.

In the paper, were htLS is proposed, it's stated, that it's enough to hold 4 literal
references to each clause. We believe that 2 literal references (to H and T) are enough.

Asin the case of H/T data structure, each time avalue is assigned to avariable or a
variable becomes unassigned, the algorithm traverses the list of clauses of one of its
literals.

On each visit to a clause for an assignment operation (say A isassigned T), the algorithm

istraversing the clause cells, one by one from the head/tail towards the tail/head. If it
finds a satisfied literal, the clause is declared satisfied. If it finds an unassigned literal B,
it:
- addsthe clause cell of B to thelist of B and this cell becomes the new head/tail
instead of A

- sifts A cell towards beginning/ end of the clause, till acell containing literal with

lesser or equal decision level than A.
In addition, if the algorithm finds an unsatisfied literal B, it siftsit, to keep appropriate
part of clause sorted.

If it doesn't find not satisfied nor unassigned literal before the other reference is reached,

then the clause is declared unit, unsatisfied or satisfied according to the status of the
tail/head.

On each visit to a clause for an unassignment operation (say B haltsto be F), the
algorithm:
- removesthe cell of B from thelist of B (the cell of B halts to be watched)
- if thecell of B isn't thefirst/last (for head/tail respectively), insert the
adjacent(towards the beginning/end) cell (say, containing A) to thelist of A.
Therefore the cell containing A becomes the new head/tail.



The major advantage of this data structure over H/T and even more over WL isthat all
the literals which are assigned at low decision levels are @sifted out® towards the edges of
clauses and therefore are not visited till they become unassigned. Therefore, at each visit
to a clause we tend to visit fewer literals.

Another advantage of this data structure over H/T isthat thereare only 2 (or 4 in the
original article) referencesto each clause. WL has 2 as well.

A disadvantage of this data structure comparing to WL isthe need to visit clauses during
unassignment.

Another disadvantage is the fact that literal sifting takes additional time.

3414 \Waiched Literals with Literal Sifting (WLS) ([20])

This data structure is proposed in [20]. As the name suggests, it combines WL data
structure with literal sifting. The major difference between this data structure and htL S
should be the absence of need to visit clauses during unassignment. As in the case of
htL S data structure, the clause cells from the watched cells towards the edges of the
clause are kept sorted. Thereisaneed here in 2 additional references to the clause (we'll
denoteit by HS and TS): each such reference pointsto acell, clauseis sorted from.

On each visit to a clause for an assignment operation (say A isassigned T), the algorithm

Istraversing the clause cells, one by one between the watched cells. If it finds a satisfied
literal, the clause is declared satisfied. If it finds an unassigned litera B, it:

- addsthecell of B to thelist of B (the cell of B becomes watched)

- removesthecell of A fromthelistof A (thecell of A haltsto be watched)

- difts A cell towards beginning/ end of the clause, till acell containing literal with
lesser or equal decision level than A.
In addition, if the algorithm finds an unsatisfied literal B, it siftsit, if needed.
If it doesn't find not satisfied nor unassigned literal before the other watched cell is
reached, then the clause is declared unit, unsatisfied or satisfied according to the status of
the other watched cell.

Unfortunately, thereis aneed to visit clauses for an unassignment operation. The cells
that should be visited are HS and TS, not the watched cells. On each visit, adjacent cells
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(adjacent towards the edges) become the new HS/TS instead of the old HS/TS. This
operation is necessary, since otherwise on avisit to awatched cell for an assignment
operation we couldn't know, whether the cells from HS/TS towards the edges of the
clause are sorted. Indeed, the literals in those cells could have been unassigned and

reassigned with different decision levels.

An advantage of this data structure over ones described earlier is that we tend to visit
fewer literals than htL S at each visit to a clause. The advantage over H/T is that we don't
need to visit clauses for unassignment of 2 watched literals.

However, there are afew disadvantages to this data structure. A clear disadvantage
comparing to WL isthat clauses (HS and TS references) should be visited during
unassignment. Another disadvantage is that literal sifting requires additional time.

3.5 Pre-processing Techniques

Pre-processing techniques are methods that can be implied on a CNF formula prior to the
search. Pre-processing algorithms can dramatically improve the performance of SAT
solvers ([37]). Such agorithms simplify the formula by various means including
symmetry breaking, deduction of necessary assignments, addition of implied clauses,
deletion of redundant clauses and identification of equivalent literals. A number of pre-
processors have been developed : SymFind([38]), Compact([39]), Compactor([40]),
Simplify([41]), CompressLite([42]).

We won't give an extended overview of pre-processing techniques since they are not part
of the DPLL agorithm nor an extension to it, but rather a complementary method. An
overview of existing pre-processing techniques together with references to other articles

on the topic can be found in [36].
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4 New Algorithms and Techniques

In this section, we'll introduce ideas developed in this work.

In subsection 4.2, anew complete SAT agorithm CRSAT generalising DPLL is provided
together with a sketch of correctness proof. Fool correctness proof is provided in
Appendix A.4.

In other subsections innovations in many aspects of backtrack search algorithms structure
are proposed. This includes improvements to non-chronological backtracking, new
pruning methods, new heuristics, new relevance-based |earning technique, new effective
data structure, anew ideaof allowing not repeat paths after restarts and an idea of
dynamically changing(and minimising the number of) 1% side variables.

All these innovations, but those proposed in 4.3.2 and 4.3.3 are applicable for both DPLL
and CRSAT algorithms. The new pruning techniques from 4.3.2 and 4.3.3 can be used
only by CRSAT agorithm.

4.1 Decisions-Based Non-Chronological Backtracking

In this section we'll describe a new non-chronological backtracking technique, whichis
based not on implied variables analyses (likein [9],[10]), but on decision variables
analyses.

Theideais very simple. For each 1% side decision variable of decision level k, we' |l keep
a counter, which will count how many times the variable participated in conflict clauses
recorded according to the non-implied variables scheme. Before beginning the 2™ side
checking of the variable, we' Il check the value of its counter. If itsvalueis 0, no 2™ side

checking is needed. The reason for it is that after we unassign variables of decision level

k, the conflict will not disappear, sinceit's independent of their values.
Thisideaisincorporated into the CRSAT algorithm introduced in next section. In fact
CRSAT generalises thisidea. It tries to not only skip the 2™ side checking when the
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counter is 0, but also minimise the checking when the counter has a small value. More

information about it is provided in the next section.

4.2 CRSAT Algorithm

4.2.1 Intuition Behind the Algorithm

Let us suppose that we are running the DPLL agorithm on some CNF formula. Suppose,
that decision variables assigned are A1%2 Am(low to high decision level) and B(highest
decision level) and we are just before checking the 2™ side of B(checking B) . Suppose
that there were k conflicts when we were checking the 1% side of B.

Suppose we are keeping al the conflict clauses corresponding to the non-implied
variables scheme (3.2.1.2.3). We don't add it to the formula, but keep it aside (we can

add any consistent clauses to the formula, but it's irrelevant here).

In what follows we'll sometimes use the term @conflict® instead of 2conflict clause®.

If B didn't participate in any of conflicts recorded, then according to the non-
chronological backtracking principle, described in 4.1, we don't need to check its 2™ side

at all.

Suppose how, that B did participate in p conflicts. Intuitively, if we decide B and make

the same decisions we made while checking B, then in k-p paths we will meet the same
(or shorter) conflicts as we met while we were checking B, since those conflicts appear
independently of the value of B. Only in the p paths corresponding to the p conflicts
containing B, wewon't meet the same conflicts (and could meet a model), since they
are dependent of B value.

The immediate conclusion that, it’s enough to check the paths corresponding to
conflictswhere B participated. It's convenient to call to such a process 2conflicts

checking” .
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It's worthy to note again, that the new principle generalises non-chronological
backtracking principle from 4.1. Indeed, if there are no conflicts in which B participated
* there are no paths to check.

Theideaof conflict checking induces a new notation. We'll say, that avariable/literal isa
conflict variable/literal, if it's anon-implied variable assigned a value in order to check a

conflict.

Below is an example of adecision tree corresponding to DPLL run(fig. 4.2.1.4) and one
corresponding to CRSAT run(fig 4.2.1.b) on the same formula which is a so brought.
Conflict variable and variables implied as aresult of its assignment appear in italic. The
corresponding edge appears in dots style. Conflict clauses corresponding to the non-

implied variables scheme are brought below each leave on fig. 4.2.1.b.

1 ad Y (OF) a&VYa' Y( 3 a&Ya' YQ( W4 &Y( ®5 =

&Yo( g = Av CvD.

B doesn't participate in conflicts. A participated in one conlict.
Xippingits 2nd side checking Check‘ipg only it.
4 v

| |
t \\ y/\ A ( l)“ D (1) E(3)

|
1
7 -E(3)

/
7
C(E-E), -C(E,-E) e CEd) : Non-implied variables Cut
s |

-AV-C C Fig4.2.1.b :CRSATtree - . Fig 4.2.1.c : Getting the Conflict
~ e

Implication gaphhofitﬁi;c’onflict.
A and C arethe conflict part variables connected
to the conflicting varigble. Therefore the conflict is -AV-C

Fig 4.2.1.cillustrates the way conflict clause Av C isreceived. The conflict clause
variables correspond to the non-implied variables cut of implication graph (see 3.2.1.2.3
for more explanations and Appendix A.2 for detailed pseudo-code of how to receive the

non-implied variables cut literals).
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It's of course possible, that there will be afew conflicts to check for one decision
variable. It' sillustrated by an example below (the input CNF formulaisirrelevant and is

not brought).

B paticipated in no
conflicts - skippingits second
side checking

l\
N
N

® - — - —
.

\\ Sy an
\ | / N\
‘ AN 2 AEEEEEAN
| N Z,\ I
D(...) I -DY...) yammum
. JamaaanNg
- - - = ) ; \’
AV-D AV-CVD E(//\E() Not detailed sub-trees
-AV-E -CV-DV-E

Fg.4.2.1d

We would like to add, that for every decision variable we can check its conflicts asit's

proposed here or proceed with reqular DPLL-style 2™ side checking.

In the next subsection, we'll introduce the CRSAT algorithm, which implements above

principles.

4.2.2 Introducing CRSAT

The algorithm extends the DPLL a gorithm brought in section 3.1.1.5.

In what follows, it will be convenient to use double-underline to stress that the double-

underlined text does not appear in the DPLL agorithm and is uniqueto CRSAT. The
text, which is wave-underlined, ensures that the non-chronological backtracking principle
from 4.1 isimplemented. Observe, that removing double-underlined and wave-underlined
code from the algorithm below makes the code identical to the code of the DPLL
algorithm brought in 3.1.1.5.
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CRSAT:
1. While (TRUE)
1.1 If last decision variable A of last conflict was 1% side variable
1.1.1.Assign A to the 2 side and run BCP
1.2. If a conflict should be checked for last 2 side variable
1.2.1. Assign the conflict variables one by one and run BCP after each assignment till all
the conflict variables are assigned or there is a contradiction.

1.3. Othenwise, choose the next 1t side variable, assign it and run BCP
1.4. If there is a contradiction

14111 Unassign it together with variables implied as a result of BCP after A's
assignment.
14112 If there are no conflicts where it participated during current assignment
14.1.1.2.1, Continue theloop 1.4.1
14113 Markthat thereis a variable to be assigned

14.1.1.4. If there are conflicts where it participated during current assignment
141.1.41. Decide whether conflicts will be checked for this variable, associate appropriate
value with the variable

14115 Breaktheloopl4.1
1.4.1.2. If the last decision variable A is 2 side variable

14.1.21. Ifthereis aconflict to check for it
141211 Unassign variables, assign as a result of previous conflict checking (if needed)
14.1.2.1.2. Breaktheloop1.4.1

(We can be here only If we are not checking conflicts for Aor we have already checked all the conflicts)

14.1.2.2. Unassign it together with variables implied as a result of BCP after A's
assignment.
14.1.23. Continue the loop 1.4.1
15. If all the variables are assigned
15.1.Retumn SAT
1.6. If there are no variables assigned and there is no variable marked to be assigned
1.6.1. Retun UNSAT

41



423 CRSAT as DPLL generalisation

Note that if we always choose at line 1.4.1.1.4.1 not to check conflicts,

than the behaviour of CRSAT isidentical to that of DPLL enhanced by non-
chronological backtracking from 4.1.

To seethis, observe that in this case double-underlined pseudo-code sections don't
influence CRSAT behaviour. Indeed, the code executed in case that the condition of line
1.2 istrue and the code executed in case that the condition of line 1.4.1.2 istrue are the
only code sections that perform actions unique to CRSAT. But the conditions 1.2 and
1.4.1.2 are dwaysfalsein our case.

Observe also that wave-underlined code (lines 1.4.1.1.2 and 1.4.1.1.2.1), implements
non-chronological backtracking principle from 4.1.

4.2.4 Correctness Proof Sketch

In this sections we'll bring a sketch of correctness proof of CRSAT. We'll bring 2

theorems with intuitive explanations. Fool proof may be found in Appendix A .4.

Theorem 4.2.4.1: /| HAL EHWH&1) |IRP XDEHQ FKHINHGE &56% 7 DORIDKP / HV
B be adecision variable (we'll suppose without restriction of generality that B is
assigned to T when 1% MGHDWMJIGHS / HAW, be the conjunction of (non-implied
variables scheme) conflict clauses corresponding to all the conflicts that happened
while B was 1% MGHDAMIQHG / HAD BHWHFRMGQANRQR  DOFRQ CRNVFOXHY/
corresponding to all the conflicts that happened while B was 1% side and 2™ side

assigned. Let A;(lowest decision level)Ya A, be assigned non-implied literals, just
before B 1% sideassignment. Let A $1A A$m. Then:
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alf o TAAA%ED \HP DR \KHHLYDP RG-ORX ZIWS$ 1, A=T; B=T) then :
al. Thealgorithm will return SAT and won't unassign B.
b.If TAAA%EC \HP DQNDD \WHHIVQRP RFHORY Z W $ 1, An=T; B=T) then:
b.1. Theagorithm will unassign B after 1% side assignment.
b.2. Just after B's 1¥ side unassignment the following expression is true:
Y1 AAA%ED (Notethat aW,YaAYa%U T isidentica to the previous
formula, and may be proofed instead)
b.3. If XAAA%ED WHHLVDPRFDRX ZIKS$ 1, An=T; B=F) then
b.3.1. The algorithm will assign B its second value (2™ side assignment). It
will return SAT and won't unassign B.
b4. If TAAAcY%ED WHHIVQRPRGORX ZIWS$ 11, An=T; B=F)
b.4.1. DAAAD 1RMWDAM @Yo AU T isidentical to the previous formula,
so it may be proofed instead)
b.4.2. If B is assigned 2™ side value, the algorithm will unassign B at some
stage.

Notes of theorem 4.2.4.1:

This theorem is the heart of the proof. What it saysis that for any decision variable B :
1. If thereisno contradiction induced by decisions for literals A;¥4 A, taken before
deciding B, the algorithm will return SAT
2. If thereisacontradiction induced by decisionsfor literas A1¥a Am(say A1.m=T)
taken before deciding B, the algorithm will backtrack after checking B and the
conflicts recorded are enough to falsify every possible interpretation containing Ai=T
for eachi.
These statements are proven together by reverse induction on decision level of B. It
means that when we prove it for some B, we know it' s true for al the variables that
will be assigned after assigning B (to both sides).
The first statement is proven by analysing the structure of the algorithm.
The second statement proof is more interesting. We'll provide below the ideas behind
it.



| HAWW;, be the conjunction of (non-implied variables scheme) conflict clauses
corresponding to all the conflicts that happened while B was 2™ side assigned.

The second statement proof for adecision variable B, s.t. conflicts are not checked for,
is based on the fact that if:

- ¥, fasfiesany interpretation with Ay, ,=T;B=T

- ¥, fasfiesany interpretation with Ay, n=T;B=F

Than:

- ® YAV, fdsfiesany interpretation with Ay =T.

The most interesting point to proveis that the theorem is true for decision variables
conflicts are checked for.

First we'll explain why the decisions-based non-chronological backtracking principle
[URP VZRINQ % WHLQGRNRQDXXP SWRQY; falsifies the interpretations with
A1,m=T; B=T. Observe, that if there are no conflict clauses containing B, when
RKHAINQ LWILLWWIGH \WWDRY 4 falsifies all the interpretations with A1, =T for both
values of B. Therefore even if we don't check the 2" MGHR % DQGVINHO® ¥, @
meets the requirement of falsifying any interpretation with Ay =T.

If we take the example of fig. 4.2.1.b, than for the decision variable B :

¥Y; ©o$Yo& A & )RS 7 ¥;isindeed acontradiction.

1RZ ZH@OH SMQZ K GRHVWHFRQ CRWKHNGQ SUGHSBIZ RV ( YHY FDXHo
IURP W, falsifies some set of interpretationswith A1 7 % 7 ,1 © GRAQWRQMQ

B, it falsifies the same set interpretations, but for every value of B. Let us suppose
WD FRQBQVa% / HAT BEHWHVANR ARQ RV UHRRGHGZ KHQAKHAINQ) FRQ @AW
Then o AT 1DOUIH\WWHMVCP HVHAR LQMBUABMRQVDVeo EXWRUHYHY YOODHR %

For example, let us take the variable A from example of fig. 4.2.1.b( in this example A
is the decision variable we refer to as B in this section and m=0). Let us take the first

conflicco ©$ Ya& o falsifiestheinterpretations containing C=T;A=T. Il



Av C inthiscase. 0o ATI=(2$ Yo & A $Yo& Therefore o AIIA C.And
indeed o A 11 falsifies C=T for every value of A.

Let' sreturn from the example to the general proof explanation. Let's pay attention to

\WHI CRAMKDAD LV DFRQMCANROQR

1. &SRAGBANFDMHVIURP Y, that don't contain B

2. SRQANVFDXH/IURP Y, that contain B

3. Setsof conflict clauses recorded when checking conflicts from group 2 above
Observe, that the conjunction of clauses from (1) and (2) falsify all the interpretations
with Ay, m =T;B=T.
$VZHKDH\WKRZ Q HYHY FOX\MHo IURP KDVESSURSUDM\ANT T URP VVWKH
conjunction o A TT 100U IHAKHVIP HVHAR LOMBUHBNRQVD/o EXWor every value of B.
Obvioudly every clause from (1) falsifies a set of interpretations independently of B

value.

1 RZ ZHKDYHHRXIK LQRP DNRQW FRFOGHWDAD | DO LHVHYHY LQM BUHBANRQ
containing A1, m=T independently of B value. For more details and aformal proof, please
refer to Appendix A.4.

WEe'll pass to the next theorem, which proves the soundness and compl eteness of
CRSAT.

Theorem 4.2.4.2 (soundness and completeness of CRSAT):
/ HAL EHD&1) IRP XD 7KDQ

1) ,1X1V6$7 &56$7 ¥ UHMO/E6$ 7

2) ,|X1V816%$7 &56$7 X WHMO/816$7

Notes on proof of 4.2.4.2:

The proof is straightforward from the previous theorem.
Let B be the first decision variable chosen by CRSAT. Suppose, without restriction of
generdity, it wasfirst assigned T.



U2 V6$ 7 WOQOIFRAQ WD U WHHLYDP RHARQMQQ % 7 RUE
(otherwise) the algorithm will return SAT.

X 1V816%7 WOROFHRAQ WE W LOXDMIQ% DGOHRAQ) W \KH
algorithm's structure it will return UNSAT (more detailsin Appendix A.4).

4.25 CRSAT Enhancements Discussion

4251 WCRSAT Algorithm

There is a problem that one encounters when trying to implement the CRSAT agorithm.
The problem isthat CRSAT requiresto keep all the conflict clauses corresponding to
non-implied variables scheme. It's obviously impossible, since the number of such
clauses is exponential.

First thing to note is that we can remove each conflict clause after conflicts have been
checked for al 1% side variables appearing in it. But thisis still not enough.

The solution isto keep all the information only for variables corresponding to last p
decision levels, where p is a parameter. Conflicts will not be checked for variables of low
decision level, which not all the conflicts are remembered for. This solution may be
called W(indowed)CRSAT algorithm.

4252 CRSAT and Clause Recording

Another problem with CRSAT algorithm, is that when checking conflicts paths may be
repeated.
) RUH P SB GWGRNRQY FRQ@AWIURP WRHRKHINHGIRUS RQIL G o

AV Dandy 8$9na(.
6XSSRHZHRKHNo® $IWDAMIQQ) ' W7 ZHWKRXGHKRRHM WEHHMRQ YDUCE®
Letit beE.
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6XSSRHZ HARRP SOIMGw FKHAINQJ DIGZ HOHRHAING) v $ I\WUDWMIQQI ( W7 ZH
should choose next decision variable. If it's D, than we are on path that has already been

FKHNHGZ KHQFKHANG) o

The solution isto use clause recording. Clause recording schemes, which can be used for
DPLL algorithm, may also be used for CRSAT.

4.3 New Pruning Methods

In this section we' Il bring a few techniques which enhance the pruning. Thefirst oneis
applicable for decision variables, we don't check conflicts for, therefore it can be used fot
DPLL agorithm, the others are applicable for decision variables, that conflicts are
checked for, and can only be used for CRSAT.

WEe'll bring adescription of each technique. The pseudo-code changes to code of
Appendix A.3 needed to implement each one of it and aformal proof, that each one of it
doesn't hurt the soundness and compl eteness of CRSAT are provided in Appendix A.5

4.3.1 Using 2" Side Variable Non-Participation in Conflicts
Suppose that we are running the DPLL/CRSAT a gorithm on some CNF formula. The

decision variables on the decision stack are A% A(bottom to top) and B(topmost) and

we have just completed checking the 2" side of B(checking B) and found no model .

Suppose that, conflicts weren't checked for B and that B didn't participate in no conflict

whileit was 2™ side checked.

Themainideaisthat, in this case the fact that no model containing A;=T;B=F was found
is enough to prove that thereisno model containing Ai=T;B=T, since the value of B had

no influence on the proof, when B was F. Therefore, we can delete all the conflicts that

were recorded, when B was 1% side checked.

To see, how this could prune the search, suppose, that A, did participate in some
conflicts, while B was 1% side checked, but didn't participate in no conflicts, while B was
2" side checked. If we proceed according to the CRSAT algorithm, without deleting
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4.3.3

conflicts, that were recorded when B was 1% side checked, we can't apply non-
chronological backtracking principle of sec. 4.1 for An. If we do delete those clauses, we
can apply it and therefore, we don't need to check the 2™ side of A,

Obvioudly, implementing this principle could influence not only An, but any one of A;'s.

It can reduce the number of conflicts to check for A;'sor even diminateit at al.

4.3.2 Using Conflict Variables Non-Participation in Conflicts

Suppose that we are running the CRSAT agorithm on some CNF formula. The decision
variables on the decision stack are A;% Ap(bottom to top) and  B(topmost). Let B be 2™
side decision variable, which we are checking conflicts for. Suppose we are just after
completing checking one of the conflicts of B. Let the appropriate conflict clause of
ARAMWDNMDHEHAHN-GEHo Aj(1)v% Vv Aj)Vv Bv Civ¥%v C,. Let
v BH& A« A&p | HMHVHAR FRQ @PNFDXVHY UHRGHGZ KKIFKHINQ) o BHIT

Let's consider the case when all CIVARIWSDWASDMIOLI. The conflicts recorded are
independent of C;'s. Therefore, recording them proves, that no model exists with
Ai=T:B=F 7KHHRHWHDORIP FIQN-H5R IT FRACAV GHBINY DOKHRKHJ

conflicts, that were recorded when B was checked and move on with backtracking,
without checking other B conflicts.

Observe, WDM ©% QGCIMEDMASDMLOTT WRKQTXHFRX@ EHOSSTHG O \MU
applying our new technique and all the conflicts recorded when B was 1% side checked
may also be deleted!

Deleting Some 1°' Side Conflicts After Conflict Checking

Suppose that we are running the CRSAT agorithm on some CNF formula. The decision
variables on the decision stack are A;% Ap(bottom to top) and  B(topmost). Let B be 2™
side decision variable, we have checked conflicts for. Suppose we have compl eted the
AFRMWVRHNQ Z MKRAWWESOLQ) \WHKQTXH / HAb; be a conflict clause we

48



AKHINHG o= Aj()v¥% v Aj)Vv Bv Civ¥av C, [/ HN; be CiA« A&, Letthe
VHAR FRQ @AV UHR GG Z KAIFKHAINQ) o; be IT;.

Suppose that 8% GEHIMEDWASDMLOLT;, ,QWLYFDWHIT; falsifies al the interpretations,
IDOULHGE ; and therefore a FRQAMAWIHSHHIMSE o may be deleted. It's true for all
;i TV VW% GRRQVWEDMASDMLOIT;. For a detailed proof, please refer to Appendix
A.54.

This method can be used only if the conflicts checking has ended in regular way - without
using 4.3.1 method.

4.4 VAP (Variable Ordering Approximation) Heuristics

In this section anew V SIDS-style heuristics together with a data structure allowing to
implement all the operations (including the division of all variables' counters by a
constant) in O(1) are introduced.

Likein the case of VSIDS heuristics, a counter is hold for each literal. Itsvaueis
increased for each literal, participating in derivation (i.e. not only in the clause itself) of a
new conflict clause. Initially its valueis set to the number of appearances of respective
literal in theinitial set of clauses. We'll denote by c(A) the value of appropriate counter
for literal A. Another notion will be for each variable A : s(A) =p AP0 F$ Fu$

+p) APIQF$ Fo$ pisaconfigurable parameter, st.0.0° S” . palowsusto
choose whether to give preference to variable, both literals of which participate in many
conflicts or to variable one literal of which participatesin many conflicts. If p=0.5, than
s(A)=c(A)+c( A). If p>0.5, than preferenceis given to variables, s.t. aliteral with
maximal c(A) of 2 of their literals has big c(A). If p<0.5, than preferenceis given to
variables, s.t. aliteral with minimal c(A) of 2 of their literals has big c(A).

All free variables are contained in a priority queue. It has g (a configurable even value)

gueues. Each queue contains linking list of variables. The queue number where each
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variable is contained is determined according to S(A). Queue number i (0” L T) will
point to linked list of variables, st. i AT»P " V$ L AT»P misa
(configurable) number denoting the maximal value s(A) can hold, s.t. A could appear in
the priority queue.

After s(A) for some A becomes greater than m, the countersfor all literals are divided by
2 and thus all the free variables can stay in the queue. A 2lazy® way of doing it (enabling
to implement the division in constant time) is brought below in the description of how to

add alitera to the priority queue.

Each time anew branching literal is asked for, the first variable (denoted A) from the
uppermost queue isreturned. The first literal to assign may be the literal with greater c(L)
value of the 2 literals of A. It may also be arandom litera or a choice based on some

other function.

Each time avariableis assigned it's removed from the priority queue. Observe, that the
value of s(A) may change only if the variable is assigned and therefore is not in the

queue.

Each time avariable A is unassigned, it' sinserted to the priority queue. If S(A) islesser
than m, the variable isinserted into appropriate queue.

The most interesting case is when s(A) is greater or equal to m. According to the said
above variable with such s(A) cannot be inserted into the priority queue. The solution,
brought below enables to implement the division by a constant (2 in our case) for every

variable in constant time!

First, alist hold in queue number i isreplaced asfollows: forie T» DQHP SWOWWY
inserted; fori < (q» DFRJDMDINQR OWWDNZ KHHIQTXAHH AL DG AL LV
inserted. A list from (2 AL \KRXGEHIQWHKHIG 2 EVHYHWKDATN\WMMAY RSHDNRQ\KH

order of variables stays the same. Observe aso, that this operation takes constant time.
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Now we could traverse the lists of all queues and divide the counters of all variables by 2.
But thisis a non-constant time implementation. What we do, iswe are leaving the
counters as they are. The counter for each literal will be divided by 2 (or power of 2 if a

few such lazy divisions by 2 are needed) only after its next assignment, when it's

accessed as aliteral participating in derivation of a conflict clause (in order to increase its

value) or when it's added to the priority gueue after unassignment.

To implement this idea we should always remember how many timestill now, the (lazy)
division by 2 took place. We'll denote this counter by div2. We should aso hold for each
variable, what was the value of div2 when the variable has been lastly accessed to for
purposes mentioned above. We denote this counter' s value by Idiv2(A). In each access to
variable A, before every other action (such asincreasing c(A) by 1), we'll divide c(A)
and c( A) by 292 £10V2A) ang we'|| set Idiv2(A)=div2.

To compl ete the description of the operations needed, when s(A) is greater or equal to m,
we should mention, that A should be inserted into appropriate queue after dividing its
counters by 2. If s(A) is still not lessthan m, c(A) and c( A) should be decreased, st. its
value would be less than m (for example, one may set c(A)=(m-1) AF$ F$ Fo$

c( A)=(m-1)AFe$ F$ Fo$

The pointer to maximal queue, containing non-empty list of variables could be adjusted
after removing last variable from the current maximal queue (j). In most cases the

maximal queue would be j-1. Anyway, it could be found in O(log(j-1))=0(1) time.

We would like to mention, that in the removal operation we may remove not the first
variable, but the variable with maximal s(A) counter from all the variables from the list of
the maximal queue. This adjustment hurts the constant time implementation of the

removal, but may hopefully return 2better® variable.

Another possible ideaisto allow more randomness. Picking up the first or second best

variable randomly can do it, for example.
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4.5 New Efficient Data Structure Representing SAT Formula (WLCC)

4.5.1 Intuitive Description

We introduce a new data structure for efficient SAT implementation. Its nameis
WLCC(Watched List with Conflicts Counter) It combines the advantages of WL data

structure - only 2 references to each clause, no need to visit clause on unassignment with

the advantages of data structures with literal sifting - no need to traverse most of clause's

cells during assignment. In addition, WLCC enables reducing number of visitsto

satisfied clauses and allows visiting fewer literals in newly recorded clauses.

In order to implement the new data structure, we'll have to keep a counter of current
number of conflicts (referred to as CNC) and for each assigned variable A, we'll have to
save CNC at the moment of last A's assignment. We'll thisvalue as CN(A).

Each clause cell will contain:
1) literal number

2) pointer to next cell within the same clause (its usage is described later)

Each clause will always appear on lists of 2 of itsliterals (say, A and B). There will be
only one clause cell at atime, s.it referenceto it will appear on literaslists. This clause
cell will be referred to as@clause head®. It will contain either A or B (say A). The pointer
to next cell of clause head will point to the cell of B.

Observe that this arrangement is different from all 3.4 data structures, where each cell can

appear only on list of aliteral the cell contains.

Pointers from (2) above will be kept in such way, that the clause head will be the head of
list and if we begin to travel from it according to the pointers, we'll visit each clause cell
exactly once (the last pointer will point to NULL). Thislist will be kept partially sorted
according to non-increasing decision level. The purpose of it isthat on each visit to the

52



clause, we won't have to travel through all the cells, but will stop when we reach an
unsatisfied literal A, the clauseis known to be sorted from. Thisideais used in the
aliterals sifting® data structuresin 3.4 but with 2 partially sorted lists.

The problem with thisideais that we have to visit clauses during unassignment and by
this we lose the main advantages of WL data structure.

The solution is to save for each clause the conflict counter value at the moment of

assignment of variable(A), the clause is sorted from. We'll denote this counter SF(Sorted

From). According to SF, we'll know at each clause visit whether the assignment of A is
the same assignment it was when the clause was lastly visited. If it's the same, we don't
need to travel any further, since the literals beginning from it haven't change their values.
If it isn't, we will continue to check the variables, till we find a variable, which decision

level isless then or equal to SF.

The need for additional literal references and visiting clauses when unassigning is
eliminated!

An important fact to mention hereisthat clause recording engine may be built in such
way that every newly recorded clause is sorted according to decision level. SF may be set
to the value of the CNC at the moment of the new clause recording. We'll show now, that
KLY FDQFRMGHIF® UHSFHWHOEP BHUR YAWAWWS QMDY 1IQDQH. O UHFRGHGFDX\Ho
Let n EHWHOQIW R o 6XSSRH WDNM QMDYR W2 HHXQ@WLIQHSEH RHYNMAY o

for assigning one of itsliterals. Observe that only mliterals will be visited according to

our method, since the other n-mliterals haven't been unassigned and reassigned(we can
learn it from CN of first of them). This provides a significant time gain especially for
long clauses. Such clauses are often deleted after unassigning some number of their
literals. In this case the literals, which haven't been unassigned, won't be visited at all

according to our method!

In next subsection we'll bring detailed agorithm for the operation of assignment.
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4.5.2 Algorithm for VisitClause Function

Below is the pseudo-code of possible implementation of VisitClause function, afunction
called at each visit to a clause when a variable watched in the clause is assigned. It may
return

- SAT :if the clauseis satisfied

- Unit : if after the assignment the clause becomes unit

- Contradiction : if thereisacontradiction in the clause

- 2NotAssigned : if there are 2 or more not assigned variables in the clause.

Let Cell be areferenceto acell in the clause. Let Cell.Literal bethe literal appearing in

this cell and Cell.Next be the pointer to the next cell in the same clause.

VisitClause uses auxiliary function MakeWatchedinstead(Cell, WatchedCell).
WatchedCell is areference to the clause head or the next cell after it.

Cdll isapointer to any clause cell, but the first 2.

M akeWatchedl nstead removes WatchedCell from WatchedCell.Literal's watched list. It
adds Céll to Cell.Literal' swatched list. It al'so exchanges places of Cell and WatchedCell
within the list defined by the 2next® pointers within the clause. We won't bring here the
code of MakeWatchedlnstead, since it contains only technical details of pointers moving.



{SAT,Unit,Contradiction,2NotAssigned} VisitClause(Literal L):
1 LCell = ((OsHead.Literal = L)?(ClsHead) : (ClsHead.Next)) #LCell is a pointer to that of two first cells containing L*/

2. SecWCell = ((OlsHead. Literal = L)?(CisHead) : (ClsHead.Next)) /*SecWCell is a pointer to that of two first cells not containing L/
3. If (SecWCell.Literal is satisfied by current assignment)

3.1 Retun SAT
4. For (CellPtr = ClsHead.Next.Next; CellPtr 1= NULL; CellPtr = CellPtrNxt)
4.1. CellPtrNxt = CellPtr.Next
4.2. If (CellPtr.Literal is satisfied with current assignement)
4.2.1. MakeWatchedinstead(CellPtr, SecWCell)
4.2.2.Return SAT
4.3. If (CellPtr.Literal is not assigned)

4.3.1. If (SecWCell.Literal is not assigned)
4.3.1.1. MakeWatchedinstead (CellPtr, LCell)
4.3.1.2. Return 2NotAssigned

4.3.2.MakeWatchedinstead (CellPtr, Sec\WCell)

4.4. If (CellPtr.Literal is assigned, but not satisfied)
4.4.1.1f (CN(CellPtr.Literal) <= SF))
4.4.1.1. Break fromloop 4
5. If (Clause contains more than 2 literals)
5.1. Sort the clause from ClsHead.Next.Next
5.2. SF=CN(ClsHead.Next.Next.Literal)
6. If (SecWCell.Literal is not assigned a value)
6.1. Return Unit
7. Hse
7.1. Return Contradiction

A few important observations:

1) Thesorting at line 5.1 isrelatively inexpensive for short clauses. If the clause is of
length n, than only n-2 literals are sorted. Since most of the clauses are relatively
short, the sorting isn't taking alot of time. The solution for long clauses may be as
follows: instead of sorting at the end, testing whether the clause is sorted together




with some limited sorting possible for one pass over the sorted list may be carried out
in the main loop. If the clause is found to be sorted, SF should be updated at the end,
otherwise it shouldn't be updated.

2) If the agorithm exits at line 4.2.2, then if this clause is to be visited before
unassignment of the satisfied literal (now appearing in one of the first two cells), the
execution of VisitClause will always be terminated at line 3.1 and therefore will be of

O(1) complexity. Thisisan important saving of running time.

4.5.3 Example

WEe'll bring below an example of WLCC management. Suppose we have a clause
containing 5 literas A, B, C, D and E, s.t. variable A was assigned F at decision level 3
and conflict counter at the moment of assignment was 20, variable B was assigned F at
decision level 1 and conflict counter at the moment of assignment was 10. C, D and E
aren't assigned.

Below is arepresentation of al relevant information.

Rows, which first column box is grey belong to the clause. Rows, which first column box
Iswhite represent literals' information for appropriate column.

SortedFrom row represents the SF value for the clause. Rows 2, 3 and 4 hold the data of
clause cells (literal, pointer to next literal and watched status). @H° in 2Watched® row
means clause head, 2N° means watched literal, which is not clause head (but next after

it).

Sorted From
Literals A B D E
Next. Lit. Ptr. - A B C D
Watched N H
Dec. level 3 1 -1 1
CN 20 10 -1 1
Assign F F

Suppose we assign E avalue F at decision level 5, conflict counter 30. Below isthe

representation of our clause after VisitClause execution till line 5.
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Sorted From -1
Literals A B C D
Next. Lit. Ptr. D E
Watched H N -
Dec. level 3 1 -1 -1 5
CN 20 10 -1 -1 30
Assign F F - - F

Below isthe representation of our clause after full VisitClause execution.

Sorted From 30
Literals A B C D E
Next. Lit. Ptr. B D E A
Watched H N -
Dec. level 3 1 -1 -1 5
CN 20 10 -1 -1 30
Assign F F F

Suppose now, we assign C avaue F at decision level 7, conflict counter 40. Observe, that
the2for® loop will be broken at first iteration, at line 4.4.1.1 and the clause will become
unit.

Suppose, that we unassigned C, E and A (i.e. backtracked till level 3), then assigned E the
value F at decision level 3, conflict counter 50 and assigned A thevalue T at decision
level 4, conflict counter 60 and we are just before assigning D avaue F :

Sorted From 30
Literals A B Cc D E
Next. Lit. Ptr. B D E A
Watched H N -
Dec. level 4 1 -1 -1 3
CN 60 10 -1 -1 50
Assign T F F

Suppose we visit the clause to assign D avalue F (decision level 7, conf. co. 80).
Observe, that the @for® loop won't be broken when we visit E, since E has been assigned
when conflict counter was greater than 30. Therefore, we will reach A and discover that
the clauseis satisfied. The datawill be as follows after line 4.2.1 :
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Sorted From 30
Literals A B C D E
Next. Lit. Ptr. D - B E C
Watched H - N
Dec. level 4 1 7 3
CN 60 10 80 50
Assign T F F F

4.6 Using Low Decision Level Variablesfor Clause Recording

4.6.1 Recording Clauses of Low Decision Level Variables

Suppose that we are running the DPLL (or CRSAT) algorithm on some CNF formula.
Suppose we have just completed the checking the 2™ side of B(checking B). Suppose
that all the non implied variables, excluding B on the stack are 1% side variables
A;(smallest decision level)Va An. Suppose, without restriction of generality

A=T Y4, An=T under current assignment.

This situation means that there is no model for which A;=T %4 ,A,=T, otherwise it would

have been found. Therefore, we can add theclause A v¥av A, tothe system.

Moreover, if only part of A1% A, variables participated in conflicts, say Aiyy.Aim), than
it's more efficient to record the shorter clause A1)V V. Ai(n).

The problem is that adding such clause doesn't provide us information, if we proceed
with regular DPLL or CRSAT, since after adding such clause, we' |l aways be checking
the second side of one of A;(.,Air and therefore the new clause will always be satisfied.

The situation is different if we are using restarts. We'll discussit below.
4.6.2 New Restarts Policy
Suppose we are in the situation described in previous subsection. Suppose that we have

just added anew clause Aj(1)VwV Aj(n). Observe, that if we restart now, no path
will be visited for the second time after restart. This leads usto a new restarts policy.

58



Werrestart if 1% side and implied variables are the only variables assigned and we add an
appropriate clause each time. This approach to restarts allows us to ensure, that no path is
repeated from previous restarts. It aso allows usto use al the relevance-based learning
techniques, (which is not the case for the idea of 2the search signature® from [24]
described in 3.2.2).

The drawback of thisideaisthat we can't restart at any time, but only when all the non-
implied variables assigned are 1% side variables.

Combination of the regular restarting strategy and one proposed here can be used to
overcome this restriction. We can sometimes use restarts without adding a clause, but

also without requiring all non-implied variables to be 1% side variables.

4.7 Dynamically Changing 1% Side Variables Based on Conflict Analysis
Suppose, we are running DPLL or CRSAT a gorithm. Suppose that we have just

encountered a conflict and the following variables are on the decisions stack (from lowest
to highest decision level): B1% Bn,A1Y4 Arm, Where Bi's are any variables and Aj' s are 1%
side or implied variables. We'll denote A={ A1,A2,% ,An}. Let thedecision level of A; be
dl.

Suppose we have found a set of literals which is a conflict' s reason according to an
implication graph cut (see section 3.2.1.2), s.t. no more than one variable from each

decision level more than or equal to dl isin the conflict's reason.

If n=0 (there are no B;'s), than examples for such cuts are non-implied variables cut
(3.2.1.2.3) or AlIUIP cut(3.2.1.2.4). Other such cuts are possible. For example,
1UIP+NIV (see section 4.7.2). We'll denote a set of literals appearing on the reason side
R MK PAWRUQRZ IWDQEHDQ PAWR A

Themainideaisthat now we can unassign al the variables corresponding to literals of A
DGDMIQWH YDUCEGRY FRUNSRIAQ) W\KWHHAR OMIDYLQA as decision variables.
After such a set of assignments the same conflict is produced, but now:

- theretendsto be less(in worst case it might be equal number of) decision levels

- theretendsto be less variables corresponding to each decision level
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- variables assigned, but not relevant for this conflict tend to be unassigned
- first UIP' s a each decision will tend to be closer to the decision variables (more
about it in 4.7.4).
We refer to such action as shrinking the set of assigned variables. Different schemes of

doing it can be used. Werefer to it asto different shrinking schemes.

In the following subsections we' Il explain in more details the actions required to
implement the new ideafor different shrinking schemes. We'll bring 3 different shrinking

schemes: non-implied variables, 1UIP+NIV and AllUIP. Other schemes are also possible.

In what followswhen werefer to “implication graphscuts’ / “literals’ on different
sides of cut, we mean cut that correspondsto “partition of A literals’ / “literals of
A”. It'sirrelevant for our matter on which side of the cuts are variables which aren't A

members.

4.7.1 Non-Implied Variables Shrinking Scheme

This shrinking scheme corresponds to non-implied variables cut(3.2.1.2.3).

The actions that are taken to implement the non-implied variables shrinking scheme are

asfollows:

1., G WHWHAR QMDYTT RQWHUHDRQMAHR DPWHRAQ W QRO LP STHG
variables conflict-recording scheme (3.2.1.2.3).

2. 3XVOMDYIURP 1T RQVRP HWEAN 6 LOQDQRGHIIP SRHGE FRUINSRQAQ) YDUCEBV
decision level. Literal with lowest decision level will be on top of the stack.

3. Unassign al the A variables

4. Pop literal from S, assign it, run BCP.

5. Repeat step 4 till S becomes empty.
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We'll illustrate the idea by an example. Suppose, that the decision stack is one on
4.7.1.a Suppose, that A isof decision level 5. Of course, there are variable with smaller
decision level than A, but they are not displayed.

A relevant implication graph is displayed on 4.7.1.b. It doesn't include variables with

smaller decision level than A, even if they are connected to the conflict. It does, however,

include all variables with greater decision level, even if they are not connected to the

conflict, but those variables are not relevant for the non-implied variables cut.

After identifying that the non-implied variables connected to the conflicting variable are
D and G, we

- unassign A,B,C,D,E,J,GH,I

- assign D than run BCP

- assign G and run BCP
The resulting branch ison 4.7.1.c. Observe that E that was an implied variable before the

shrinking is now not assigned.
Non-implied variables cut

G(7)

-1(7)

B(5) o/
Variables Qd@w dec. levd £
A(5 1(7)
E(6) D)
G(H I -1)
C(5)
Fig 4.7.1a Fig 4.7.1b Fig 4.7.1.c
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4.7.2 1UIP+NIV Shrinking Scheme

This scheme doesn't correspond to a cut described in 3.2.1.2. We define the 1UIP+NIV
asacut having the first UIP of the last decision level and the last UIP' s (i.e. non-implied
variables) of other decision levels on its reason side.

The actions that are taken to implement the LUIP+NIV shrinking scheme are as follows:

Identify the first UIP of the last decision level. We'll refer to it as C.

/ RV BEHWHHAR QMDY Z KK WHHLYDSDK T URP & \RILW

5 HRXWLYHD [LAGWHVHAR QRO IP SHGOMDYTT Z KIFK \WHHLYDSDK I URP \WWRT
/| H® TI8"&

SXVDMDYIURP 6 RQVRP HWERN 6 LQBQREGHIP SRHGE FRUINSREQ) YDUDEBY
decision level. Literal with lowest decision level corresponding will be on top of the
stack.

a » w D PRE

6. Unassign all the A variables
7. Pop literal from S, assign it, run BCP.
8. Repeat step 7 till S becomes empty.

Below isan example. 4.7.2.ais a decision tree branch before the shrinking, 4.7.2.b isthe

relevant implication graph. 4.7.2.c is the decision tree branch after the JUIP+NIV
shrinking.
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A B(C)

B(C) G(H,-H)
[}
D(EJ,GH,-H) LUIPSNIV Cut— AIIUIP Cut Fig 4720
. c@ | -H@E @t UIP+Decshrinking
Fig 4.7.2.a

A1) Y €]

X G(H,-H)

J(3)

Fig 4.7.2b Fig 4.7.2d

(after AIIUIP shrinking)

4.7.3 AIlIUIP Shrinking Scheme

This scheme corresponds to the AIlUIP cut (3.2.1.2.4). Its implementation is very similar
to that of LUIP+NIV scheme. All 8 actions from previous subsection are valid here. The
R Al HHFHWVIQANRY  Z KHIHWKRX@ CESHILR 5 HEXWLYHD 1 LQG\WWHVAWT Z KIEK VD
VAR 1L |, 3V Z KIFK KDYH QMDY FRQHAMGWRT™

Aboveisan example. 4.7.2.ais adecision tree branch before the shrinking, 4.7.2.b isthe
relevant implication graph. 4.7.2.d is the decision tree branch after the AllUIP shrinking.

4.7.4 Conclusions

We introduced in this section 3 schemes for assigned stack shrinking. Obviously other

schemes are aso possible. Below we' Il list two major reasons for using the shrinking.
1. By shrinking the set of assigned variables, we unassign irrelevant variables and as a

result our decision tree corresponds better to conflicts identified. This can help

pruning the search.
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2. The CRSAT algorithm requires recording clauses corresponding to the non-implied
variables clauses-recording scheme, even if we don't use non-implied variables
scheme for clause recording. 1t would save plenty of space and time of conflict-
analysis, if we used the non-implied variables scheme for clauses recording as well.
However, the non-implied variables conflict-recording scheme is not really efficient
comparing to schemes like 1UIP and others ([31]). But if we use shrinking and
afterwards the non-implied variables scheme, than it is much more efficient. Thisis
true, because the first UIP' s at each decision level higher than dI, variables will tend
to be closer (LUIP+NIV scheme) or identical (AlIUIP scheme) to the decision
variables. Therefore, clauses recorded by non-implied variables scheme after the
shrinking are close to clauses recorded by UlP-based schemes both before and after

the shrinking.

4.8 Extending Relevance-Based Learning by Literals' Density

In this section, we' Il introduce a new relevance-based learning technique. We'll first
explain the idea behind it.

Suppose that we are recording clauses using non-implied variables scheme. We would
like to remind that using shrinking from previous section makes the non-implied
variables scheme much more efficient by making clauses recorded by it close to different
UIP-based schemes.

Suppose that the decision variables on the stack (after the shrinking if we used it) are
A;(lowest decision level)Ya An,. Let A={ A1, An}.

Observethat if the new clause consists of negations of al A;'s, the new clause will
aways be satisfied, unless restart takes place. That is true, because one of 1% side A
variables (not aways the same one) will always be flipped and thus will satisfy the
clause.

Moreover, if the new clause consists of negationsof A;'s, for al i : k<i” P, wherek is
any number, s.t. 1<k<m, it will be also aways satisfied before all its literals are finally

unassigned.



We would like to give preference to clauses, which are not only short, but also tend to be
satisfied less during subsequent search. For fulfilling last requirement, the clause's
literals should be less 2dense® with respect to decision level.
We aso would like give preference to clauses, which are less dense near the last decision
level. We' Il explain the reason for it on an example. Suppose that A variables are 1% side
decision variables. Let o 8% m-3v Am-2v Anm v 8% m.3V Am-1vV An.
After unassigning A, and assigning the 2" side of Amy © BHRP H/DXQWDX\H Z KK
SXCH\WHVHDK DGy WADNILHG 7 KHQDWMUXQDMIQQ) $ 1.1, and assigning the 2™
sideof Ay, y BFRPH/D QMBDYFDX\WHOGo WD IHS 2 BEVHYH WDAKRHHLYD
Al HHFHERZ HQWHLIQOHIHR o DGy RQWHVHIUK Z KHRWRVHDUHIWDI LHG 7 KH
QI HHFHLYIQWHI CRMKDN BHFRP HV/DXQWKDX\VHDGY BHFRP HY - QWMDY FDXWH
7KHHRHo KDVP RIHFKDOH\R SXHWHVHIK 7 KLV LY GHWR \WH I CRMKDAD LV OW
dense near An,. Observe, that after unassigning A, both clauses have similar chances to
prune the search.
Now we are ready to describe the new relevance-based learning technique. First we'll
bring a few definitions.
/| Wb BHDUHRGGFDXM o0 8&;v¥av Cp; C={C¥Cy} and thefollowingis
true:

- Ci'sare sorted according to decision level and C; has the lowest decision level

between Ci's

- Fordli:CjisinA.
Let B={B1%4Bs} be set of dl literalsfrom A, sit.

- Bi'sare sorted and B; has the lowest decision level between B;'s

- BandCaredigoint

- Thedecision level of B;is greater than the decision level of C;
We define afunction CM : BZAEN :
CM(B;) = the number of C;'swith greater decision level than B;
Let t be a parameter defining threshold on recorded clause length. If clause length isless
or equal tot, than the clause is kept forever. Longer clause is deleted after t of itsliterals
become unassigned. Let d be a parameter defining threshold on literals density in anew
clause.
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WEe'll now define literals density IRUIDQGHZ O UHRG-GFDX\H®

I @ : (t-CM (Bi)) /Eg@ 1:if te CM(B;) (gives preferenceto less dense clauses)

iI=1..s
1 RZ Z HOEAUBHWHDRNRQ/RQUHRAQ) DQHZ FX\VHo
1. &DBPXDM/ ' o (it can bedonein the process of conflict recording with very little time overhead)
2,0 1" 0!G
2.1.' RRWHRGo
3. Otherwise
3.1. SHRGo
32.,1 o!W
3.21. ' HBWMo DWIXPMQQ WR IWOMDY
3.3. Otherwise
3.3.1. / HDfHo IRBHYH

-1: otherwise  (gives preference to shorter clauses)
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5 Putting It All Together — Jerusat Solver

In this section we' Il introduce anew SAT solver + Jerusat, which utilises the ideas
brought in previous sections. In section 5.1 we'll provide general information about
Jerusat. In section 5.2 we'll bring its performance comparing with performance of
existing state of art SAT solvers zChaff([12]) and Limmat
(http://www.inf.ethz.ch/personal /bi ere/projects/limmat/) which were very successful in
recent SAT competition([43]).

More information including description of Jerusat internal structure and extensive

analysis of its performanceis provided in Appendix B.

5.1 General Information

Jerusat has been implemented in C language under Windows platform, but is also
available under UNIX. The implementation has approximately 7680 lines of code.

Jerusat implementation may be divided into implementation of 6 following aspects :

1. WCRSAT (4.2.5.1) implementation(~3430 code lines), which includes also decision-

based non-chronological backtracking (4.1) and new pruning methods(4.3)
implementation. It'simportant to state, that since CRSAT(and WCRSAT) isa
generaisation of DPLL it's possible (and very simple) to configure Jerusat, s.t. it
would implement DPLL. In this case, it would still use the decision-based non-
chronological backtracking. It will aso use the pruning method of section 4.3.2,
which isavailable for DPLL aswell asfor CRSAT.

2. Clause recording(~1000 code lines), including the literals' density relevance-based

learning (4.8).
3. Restarts policy(~120 code lines), including a possibility to use the new restarts

policy from 4.6.2.
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4. Heuristics(~510 code lines), implementing the VAP heuristics (4.4).
5. Data Structures(~700 code lines), using the WL CC data structure (4.5) for

representing clauses.

6. Shrinking schemes(~150 code lines), which makes possible using non-implied

variables shrinking scheme (4.7.1).

Rests of lines of code are used to implement different auxiliary operations.

5.2 Jerusat Performance Comparing with Limmat and zChaff

Below is atable comparing the performance of Jerusat, Limmat(version 1.0) and
zChaff(version z2001.2.17).

Jerusat is used with its default configuration(see appendix B.2.2 for more information
about configuring Jerusat). Limmat and zChaff are used with default configuration as
well.

The performance was checked on a computer with 128Mb of memory, 2x86 Family 6
Model 5 Stepping 2 Genuine Intel ~350 Mhz° processor and 2Microsoft Windows 2000
Professional® operating system. Limmat and zChaff are originally written under UNIX,
but were successfully compiled under Windows.

Thereis no set of benchmarks known to represent well the CNF functions We tried to
choose areasonable set of benchmark families received from different problems. More
information about the benchmarks we used can be found in appendix B.2.1.

We set a cut off time of 2 hours. We added 7200 seconds for every instance that has been
cut off after 2 hours. Best time on every benchmark family is highlighted.
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Jerusat Limmat zChaff
Average in Average in Average in
Benchmarks | seconds Cut After 2 seconds Cut After 2 seconds Cut After 2
Family (7200 for a Hours (7200 for a Hours (7200 for a Hours
cut instance) cut instance) cut instance)
aim-200 0.03125 0 0.050833 0 0.599208 0
ais 0.01 0 99.78325 0 48.39675 0
beijing 1010.768 2 959.8232 2 993.4041 2
bf 0.24275 0 0.418 0 1.044 0
blocksworld 8.475143 0 8.204571 0 13.65114 0
bmc 28.383 0 67.42838 0 2346.6 4
dubois 0.035 0 0.0125 0 0.494417 0
flat200-479 0.38391 0 2.4815 0 6.76601 0
fvp-unsat.2.0 5063.531 15 4985.998 15 3445.406 7
hanoi 74.522 0 3603.853 1 3605.123 1
iil16 0.1773 0 6.43 0 19.1849 0
ii32 0.900176 0 0.362706 0 0.931235 0
jnh 0.0202 0 0.0316 0 0.1485 0
logistics 0.3605 0 0.731 0 5.7635 0
parity16 1.9605 0 11.0173 0 20.8417 0
phole 172.7922 0 40.2456 0 23.724 0
pret150 1.1535 0 0.07 0 2.9635 0
qg 15.47486 0 80.90673 0 65.92155 0
ssa 0.05 0 0.09125 0 0.405375 0
sw100-8-Ip0-c5 0.0021 0 0.0095 0 0.1103 0
uf150-645 0.35824 0 0.68928 0 2.81278 0
uuf150-645 1.22619 0 4.51746 0 12.66249 0
SUM 6380.858 9873.155 10616.95
Table5.2.1

As one can see, Jerusat outperforms both Limmat and zChaff in case of 15 out of 22

benchmark families. Jerusat also outperforms Limmat and zChaff in terms of sum of

time. See dso Appendix B.2.4 for comparison of Jerusat vs. Limmat and zChaff in terms

of magnitude.
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It should also be said, that Jerusat uses much less memory than Limmat and zChaff. For
example, let' s take an instance 2pipe.cnf of fvp-unsat.2.0, which is solved in about the
same time by all solvers. Jerusat uses maximum of 1.8 Mb of memory to solveit, Limmat
uses 2.6 Mb and zChaff uses 9.0 Mb.

The difference is even more significant for harder instances. Let' s take instance
3bitadd_31.cnf of beljing family. After 2 minutes of running, Jerusat used 6.5 Mb,
Limmat used 20.5 Mb and zChaff used 44 Mb of memory.
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Appendix A - Detailed Pseudo-Code and Formal Proofs

Appendix A.1- DPLL Detailed Pseudo-Code

In this appendix, we'll introduce a non-recursive implementation of the DPLL agorithm.
It reveals some details of the unit clauses identification process (BCP process).
Thisisthe base for the CRSAT pseudo-code brought in Appendix A.3.

WEe'll suppose, that given CNF formula doesn't contain unit clauses (otherwise they can
be easily removed using the unit clause rule during pre-processing before running
DPLL).
The algorithm uses the following mappings(which may be implemented by an array):
1. IfAssigned: Variables->{T,F}.

Indicates whether the variable is assigned avalue.
2. AssignementSign: Variables->{T,F}.

Valid only for A, sit. IfAssigned(A)==T.

Indicates the sign of the variable under current assignment.

Note, that the 2 mappings above define a partial assignment.

3. AssignmentStatus: Variables->{NULL,Sdel,Sde2,Implied}.
AssignmentStatus(A)==
NULL: iff IfAssigned(A)==F.
Sidel: if current value of A was not imposed by other assignments and that' s the first
value for A we are checking.
Side2: if current value of A was not imposed by other assignments and that' s the
second value for A we are checking.
Implied: if current value of A wasimposed by other assignments.

4. ImplicationClause: Variables->Clauses.
Vaidonly for A, st. IfAssigned(A)==T.



For A, s.t. AssignmentStatus(A)=Implied, ImplicationClause(A) points to a clause,
where the implication has occurred during the BCP process.
For A, s.t. AssignmentStatus(A)=Sidel or Side2, ImplicationClause(A)==0;
Saving the implication clause is not necessary for the algorithm to work, but it is
crucial for implementing enhancements to DPLL and the CRSAT a gorithm.

In addition, the algorithm uses:

5. AssignedVars: astack with variables assigned avalue.

6. ToBelmplied : aset holding variables, that have been assigned a value, but necessary

assignments have not yet been deduced from it.

Note that, the CNF formulaitself is not mentioned explicitly in the algorithm. It's
considered to be a global variable and al the references to clauses refer to clauses of the
CNF formula

The algorithm is built from five functions.
1. ThemainfunctionisDPLL. It doesn't have parameters. It returns SAT, which stands

for 2the formulais satisfiable® or UNSAT, which stands for 2the formulais
unsatisfiable®.

2. The function BCP implements the BCP process. It doesn't have parameters. It returns

either NULL, if thereis no contradiction or areference to a clause, where the
contradiction has happened.

3. Thefunction PreAssign. It manages the data necessary for assigning variable avalue
before WHY& 3 SURFHW ,\WHRHYHY  SOUIP HMY 9 DUCE®I$ |, P STFADNRQE&EM\WH®
Assignment Sign a; Assignment Status s. It doesn't return nothing.

4. Thefunction Assign. It finally assigns a value to a variable after the BCP process for
it. It receives variable A and doesn't return nothing.

5. Thefunction UnassignTopVar. It unassigns top variable from AssignedVars. It

receives nothing and returns the variable unassigned.

Now we' Il introduce agorithm's pseudo-code:



{SAT, UNSAT} : DPLL()
1. ToBelmplied={}
2. While (T)
2.1. if (ToBelmplied ={})
211 A=Anyvariable, s.t. IfAssigned(A)—F
2.1.2. PreAssign(A, 0, Any value from{T,F}, Sidel)
2.2. ClauseWthContradiction = BCP()
2.3. if (ClauseWthContradiction = NULL) AND (For All A: IfAssigned (A)=T))
231 Retun SAT
24. if (ClauseWthContradiction = NULL)
241 while (Not Empty(AssignedVars)) AND (AssignmentStatus(StackTop(AssignedVars)) = Sidel))
2.4.1.1. A=UnassignTopVariable()
24.2. If (Isempty(AssignedVars))
2.4.2.1. Return UNSAT
24.3. A=StackTop(Assignedvars)
24.4. If (AssignmentStatus(A) — Sidel) #That's always the case if we are here/
2.4.4.1. UnassignTopVariable()
2.4.4.2. PreAssign(A; 0;  AssignmentSign(A); Side2)
2.4.4.3. Continue with loop 2

YRG3WHWIQIDICEGIS P STIIIRO&OX\WHW $WICPHYVSLIODIWRP "7 )
Assignment Status s from {NULL, Sidel, Side2,Implied})

1. PSEDIREOANHS w

2. AssignmentSign(A) =a

3. AssignmentStatus(A) =s

4. ToBelmplied = ToBelmplied U {A}

void Assign(Variable A)
1. [IfAssigned(A) =T
2. Push(Assignedvars, A)




VariableUnassigned : UnassignTopVariable()
1. V=Pop(Assignedvars)

2. IfAssigned(A) =F

3. RetunA

Clause\WithContardiction : BCP()

1. \While (Not Empty(ToBelmplied))
1.1. A=any variable in ToBelnplied
1.2. ToBelnplied =ToBelmplied \ {A}
1.3. Assign(A)
14, )RHKFOMHw VW $  es$SWIQPHBIQS
141 || ([MW% VW %  $WIQPHYBLIQ%
1.4.1.1. Continue with the loop 1.4.
142 If(ExstBC st,(B&$LTw% ; $FTw& ; $G
(AssignmentStatus(B)— AssignmentStatus(C)—NULL))
1.4.2.1. Continue with the loop 1.4.
143 | ([MY%VW w % ; $CGG $WIQPHBADK/% 18//
1431 3WBWIQ%w w % ,PSBG
1.4.3.2. Continue with the loop 1.4.
1.4.4. \While (Not Empty(ToBelmplied))
1.4.4.1. C=any variable in ToBelmplied
1.4.4.2. Assign(C)
145. Retun C (*There is a contradiction!*)
2. Retun NULL

Appendix A.2-  Non-Implied Variables Scheme Conflict Recognising

Below is aprocedure for identifying non-implied variables after a conflict. It can be used

inthe DPLL algorithm from Appendix A.1 just after acontradiction isreached (line 2.4).



The parameter to it should be the ClauseWithContradiction returned by BCP. The
resulting conflict clauseis received by taking the disunction of negations of all literals of
ConflictReason after running GetNonlmpliedConflictClause.

GetNonlmpliedConflictClause (Clause AsWthContradiction) #Supposes that ConflictReason is
empty*/

1. For each literal A from ClsWithContradiction do
1.1. if (Ais NOT in ConflictReason)
111 ConflictReason = ConflictReason U {A}
112 if (ImplicationClause(A) '= NULL)
1.1.2.1. GetNonlmpliedConflictClause(ImplicationClause(A)

Appendix A.3- CRSAT Detailed Pseudo-Code

In this Appendix we' |l provide a detailed pseudo-code of the CRSAT agorithm.

WEe'll use double underline to stress that the double-underlined text does not appear in the
DPLL algorithm and is unique to CRSAT. The wave-underlined text ensures that the
non-chronological backtracking principle from 4.1 is implemented.

Appendix A.3.1 - Algorithm’s Organisation and Data Structures

First we'll describe the data structures used by CRSAT.

CRSAT uses generic data structure, which hold references to elements of a set. Reference
to one element can't appear twice.

The following procedures are supposed to be provided:

ReferenceT oElement : Fir stElemOfOrder ed Set(OrderedSet)

ReferenceT oElement : NextElemOfOr der edSet(OrderedSet, ReferenceT oElement)

void : InsertToAnyPlacel nOr der edset(OrderedSet; ElementOf OrderedSet)
ReferenceToElement : L astElemInOr der ed Set(OrderedSet)



Boolean : [fMember OfOr der ed Set(OrderedSet; ReferenceT oElement)
void : RemoveFromOr der edSet(OrderedSet; ReferenceT oElement)

Each conflict will be represented as set of literals ordered by its decision level at the time

when the conflict happened.

CRSAT algorithm uses the following data structures:

1.

IfAssigned - defined the sameasin A.1.

2. AssignementSign - defined the same asin A.L.
3.
4

ImplicationClause - defined the same asin A.1.
AssignementStatus : Variables->{NULL,Side1,Sde2,,Implied,ConflictVar}.

ConflictVar means that variable is assigned avalue in the process of conflicts

checking. Other values have the same meaning asin DPLL algorithm

5

ChkConflictsStatus : Variables4{ NotKnown, NotChkConflicts, ChkMiddleConflicts, Chkl astConflict}

ChkConflictsStatus is valid only for 2™ side variables.

ChkConflictsStatus(A)==

NotKnown + A holds this value before deciding whether we are checking conflictsfor A.
NotChkConflicts + if we are not checking conflicts for A (proceed asin DPLL)
ChkLastConflict - if we are checking the last conflict of A

ChkMiddleConflicts + if we are checking any, but last conflict of A

6. ConflictsToCheck : Variables A Ordered Set of Conflicts
For each decision variable A, ConflictsToCheck(A) will hold the set of conflicts
recorded from the moment A was assigned anew value for the last time. In CRSAT
algorithm below we don't make use of the order of conflictsin ConflictsToCheck(A),
but it may be used for optimisation.

7. CurrentlyCheckedConf : Variables A Reference to Conflict
For each 2" side variable A, conflicts are checked for, CurrentlyCheckedConf(A)
points to conflict currently being checked.

8. ConflictLitToAssign : Variables /£ Referenceto Literal in Conflict

For each 2™ side variable A, which conflicts are checked for, ConflictLitToAssign(A)
pointsto aliteral in CurrentlyCheckedConf(A), that should be assigned a value next.

VI



9. AssignedVars- defined thesameasin A.1L.
10. ToBel mplied - defined the same asin A.1.

The algorithm uses the following functions.

1. Themain function is CRSAT. It doesn't have parameters. It returns SAT, which
stands for 2the formulais satisfiable® or UNSAT, which stands for: 2the formulais
unsatisfiabl e°.

2. The function BCP implements the BCP process. It's not brought below, sinceit's
identical toonein A.L.

3. Thefunction PreAssign +identical to A.1.

4. The function Assign * contains code from A.1 + it empties ConflictsToCheck for 1%
side variables.

5. Thefunction UnassignTopVar *identical to A.1.

6. ChooseChkConflictStatus + receives avariable A, that was just 2™ side decided and
returns one of { ChkConflicts or NotChkConflicts}. If ChkConflictsis returned,

conflicts will be checked for A, otherwise, the agorithm will proceed asin DPLL.
This function will not be brought below, it can vary for different implementations.
Anyway, the algorithm is correct for every possible ChooseChkConflictStatus.

7. GetFirstConflict + receives variable A, that was just 2™ side decided and returns
reference to a conflict, that should be checked first.

8. GetNextConflict - receives variable A, that was 2™ side decided and returns reference
to aconflict, that should be checked next (it supposes, that a call to GetFirstConflict

was made before).

9. NotAssignedLitinCurrentConflict + receives 2™ side variable A and returns reference

to aliteral from CurrentlyCheckedConf, that isn't assigned avalue. If thereis no such
literal, it returns NULL.

10. GetNonlmpliedConflictClause - this function returns a conflict clause corresponding

to non-implied variables scheme. It's brought in A.2.
11. ManageNewConflict + this function receives a conflict clause, returned by
GetNonlmpliedConflictClause and keeps ConflictsToCheck valid.

VIl



12. MakeConflictSortedByDecisionLevel - this function receives a conflict clause and

returns a conflict(ordered set of literals) corresponding to that clause, i.e. holding the
same literals ordered by current decision level of corresponding variables. This

function is called from ManageNewConflict and is not provided, sinceit'strivial.

Appendix A.3.2- CRSAT Pseudo-Code

The CRSAT function extends the DPLL function from A.1. It also implements non-
chronological backtracking principle from 4.1. Code unique to CRSAT will appear

double-underlined. A line that ensures the non-chronological backtracking is wave-
underlined. The other code is common to CRSAT and DPLL.

{SAT, UNSAT} : CRSAT()
1. ToBelmplied={}
2. \Mhile ()
2.1. If (ToBelmplied = {)
211, A= Upper Variable From AssignedVars, s.t (AssignmentStatus(A)=Sidel OR AssignmentStatus(A)=Side?)

2.1.2.1. If (ChkConflictsStatus(A) = NotKnown)
21211 Status = ChooseChkConflictStatus(A)
21.21.2. |If (Status = NotChkConflicts
2.1.2.1.2.1. ChkConflictsStatus(A) = NotChkConflicts
212122 G0T0213
21213 Hse Mf (Status = ChkConflicts)*/

212131 w * i this function ChikConflictStatus(A esto

2.1.2.1.3.2. B = NotAssignedVarinCurentConflict (A)

21.2.1.33. If (B=NULL)
2121331 GoTo313

212134 3WHWIO% ow % &RMAG
212135 GoTo2.2

VI



2.1.2.2. Else f (ChkConflictsStatus(A) != NotKnown)*/

2.1.2.2.1. B =NotAssignedVarinCurentConflict(A)
21.222. If(B!I=NULL

2.1.2.2.2.1. PreAssign(B, 0, ConfChecked (B), ConflictVar)
2.1.2.2.2.2. Continue with loop 2
2.1.3. A=Anyvariable, s.t. IfAssigned(A)—F
2.1.4. PreAssign(A, 0, Any value from{T,F}, Sidel)
2.2. ClauseWthContradiction = BCP()
2.3. if (ClauseWthContradiction = NULL) AND (For All A: IfAssigned (A)=T))
231 Retun SAT
2.4. if (ClauseWthContradiction = NULL)

24.1.  ManageNewConflict(GetNonlmpliedConflictClause(Clause\WthContradiction))
242 while (Not Empty(AssignedVars)) AND
((AssignmentStatus(StackTop(AssignedVars)) = Sidel)) _ (ConflictsToCheck(StackTop(Assignedvars))={)) AND

((AssigmentStatus(StackTop(AssignedVars))=Si de2)->(ChkConflictsStatus (StackTop
(AssignedVars)) = ChkiViddleConflict))

2.4.2.1. A=UnassignTopVariable()
24.3. It (IsEmpty(AssignedVars))
2.4.3.1. Return UNSAT
24.4. A=StackTop(Assignedvars)
245. If (AssignmentStatus(A) — Sidel)
2.4.5.1. UnassignTopVariable()
2.4.5.2. PreAssign(A; 0; AssignmentSign(A); Side2)
2.4.5.3. Continue with loop 2
2.4.6. If (AssignmentStatus(A) = Side?) /*Nate : ChkConflictsStatus (A) = ChkMiddieConflict*/
2461 w * HAH\BR)@V$ /*Here ChkConflictStatus(A) may change to ChkLastCorflict*/
2.4.6.2. B = NotAssignedLitinCurrConflict(A)
24.63. If (B!=NULL)
24631 3WHWIQ% ow % SRR
2.4.6.4.Continue with loop 2




void Assign(Variable A)
1. [IfAssigned(A) =T
2. Push(AssignedVars, A)

3. If (AssignementStatus(A)=Side1)
3.1. ConflictsToCheck(A) ={}

void : ManageNewConflict(ConflictClause CC)
1 w ODNRRMAGRMIA' HMVRY HHRE&
2. )RJS ) IMMBP2I2IGHBEBHM $  18// $ 1HWBP2I1I2 \BHHBHAM $
2.1. If (AssignmentStatus(A)=Side1)
211  QHWRRQ30HQ BHHBHARRIMEPWRRKHNS w

ReferenceToConflict : GetFrstConflict(Variable A)

1 w 212 GHHBHA REKHAN
2. lw [/ 212 \BAHBHAR RRKHN

2.1. ChkConflictStatus(A) = Chkl astConflict
3. Hse

3.1. ChkConflictsStatus(A) = ChikivViddleConflict
4. ConflictLitToAssign(A) = NULL
5. SHMMwW

ReferenceToConflict : GetNextConflict(Variable A)
1w &XBERKHNHRR) $  1H\WBP2 12 IGHHBHARRIGW/ RRKHNS  &XUBDURKHINHRR) $

2 Jw |/ 212 \BAHBHHA REKHN

2.1. ChkConflictsStatus(A) = Chkl astConflict
3. ConflictLitToAssign(A) = NULL
4. SHADW

ReferenceToLiteral : NotAssignedLitinCurrentConflict(Variable A)
1. w  EABDARKHMNHRR) $
2. If (ConflictLitToAssign(A) =— NULL)




21 & \WJ 1 2 12 \FHAHBHA

3. While ((ConflictLitToAssign(A) '= NULL) AND (IfAssigned(ConflictLitToAssign(A)=T) )
31 EGRQGAMERBWMIQS  1H\WBP212 \GHHEHN SRIAMERBWIQS

4. Return ConflictLitToAssign(A)

Appendix A.4- CRSAT Formal Correctness Proof

In this Appendix we'll bring aformal correctness proof of theorems 4.2.4.1 and
4.2.4.2. We remind that theorem 4.2.4.2 states that CRSAT is complete and sound.
In the proof we'll address the CRSAT code from appendix A.3.

First we'll proof an auxiliary lemma.

Lemma A.4.1: / HE BHWH&1) IRP XDEHQ AKHINHGE &56% 7 DORIKP / HV
y1« Yy BHVRP HARQ@PNVFDXM 7 KHQX Ay 1A« Ayp.

Proof of A.4.1:

The process of non-implied conflict clauses recording in CRSAT isidentical to that
LONRGHGLQ DGERAIKWQS SSHE[ $  7TKHHRHIRUIHIKL XAy,

otherwise recording clauses according to non-implied scheme would have changed the

propositional logic function, we are working with. According to basic propositional
®IFWHRY AEy:1A« Ay,
B oPPD$

Theorem 4.2.4.1: /| HAL EHWH&1) |IRP XDEHQ FKHINHGE &56% 7 DORIKP / HV
B be adecision variable (we'll suppose without restriction of generality that B is
assigned to T when 1% MGHDMJIQHG / HW, be the conjunction of (non-implied
variables scheme) conflict clauses corresponding to all the conflicts that happened
while B was 1% MIGHDMIQHG / W BHWHFRIMGANRQR  DOFRY QRWFDXVHY
corresponding to all the conflicts that happened while B was 1% side and 2™ side

assigned. Let A;(lowest decision level)Ya A, be assigned non-implied literals, just
before B 1% sideassignment. Let A $1A A$m. Then:

Xl



alf o TAAAWED VP QMDD \WHHLYDP RFHORY Z WS 15, A =T; B=T) then:
al. Thealgorithm will return SAT and won't unassign B.
b.If TAAA%ED VP DQNDO \WHHIVQRP RGORE ZIWS$ 15, An=T,; B=T) then:
b.1. Theagorithm will unassign B after 1% side assignment.
b.2. Just after B's 1% side unassignment the following expression is true:
Y1 AAA%ED (Notethat oW, YaAYa%U T isidentica to the previous
formula, and may be proofed instead)
b.3. If XAAA%ED WHHLVDPRFDRX ZLKS$ 1, An=T; B=F) then
b.3.1. The algorithm will assign B its second value (2" side assignment). It
will return SAT and won't unassign B.
b.4. If TAAA0%ED WHHIWV@RPRFORX ZIWKS$ 11, An=T; B=F)
b.4.1. DAAAD 1RMWDAM @Yo AU T isidentical to the previous formula,
so it may be proofed instead)
b.4.2. If B is assigned 2™ side value, the algorithm will unassign B at some
stage.

Proof of theorem 4.2.4.1:

First afew genera remarks:

1) Throughout the proof, it would be convenient to denote the conjunction of conflict
clauses recorded while B was 2" MGHDWIQHGE\ W,(it may be empty, if non-
AKURRBI LFDCEOANAEANQ) LVESSTHG IR0 2 BHYHWDAD W1 AW

2) Y, inthetheorem's condition and ConflictsToCheck(B) ordered set in the
algorithm from Appendix A.3 are different form of referencing the same
information.

3) When we refer to condition/statement which first part of it is number(like 2.4.3),
we refer to condition/statement appearing at that linein CRSAT pseudo-code.
When we refer to condition or statement which first part of it islower-case letter
(like b.4.1), we refer to condition/statement appearing at that line in theorem's
4.2.4.1 condition.
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The proof is by reverse induction on decision level of B (denoteit dl).

Base: dl=n(n isthe number of variables).

1.

If o TAAA%ED WHHLYDP RG-ORY Z I\ S$ 1% A=T; B=T), then after B pre-
assigningto T (line 2.1.4), the algorithm will execute BCP (line 2.2), the condition
of 2.3 will be T since there can't be contradiction in this branch according to our
condition, so ClauseWithContradiction==NULL and also all the variables are
assigned, since decision level of B isequal to the number of variables, so it'sthe
last variable assigned. Therefore the algorithm will return SAT and won't unassign
B and condition a.1 of thetheorem is proven.

If TAAA%ED WHHIVQRP RGORE Z WS 11, An=T; B=T), than there will bea
contradiction after B assignment to T, therefore the condition 2.3 becomes F, but
2.4 becomes T. Observe, that ConflictsToCheck(B) is not empty, since B isthe last
non implied variable on the stack and therefore it participated in the only conflict,
which happened when it was 1% side assigned. Therefore, the 2while® loop of 2.4.2
condition won't be true for B and unassignment of B will happen at line 2.4.5.1 so
condition b.1 of thetheorem is proven. Now we'll prove condition B.2

a¥,YaA v BU T 2BEHYHKDMWHHLYRID RHFOXHIQY,. It's added at

line 2.4.1. Therefore, according to the structure of GetNonlmpliedConflictClause
function: ¥ 1= a$1)v¥av Ajwk)v B,wherele L M” P . Therefore:

gV, Yo AYa% A<« ASi(HyA% Y s AYa%

Observe than if al of A% AmB areT, then (Aj(1)A« A$(kyA% isT,
otherwise @AYo % isT. Therefore

((Ai(yA« A$i(GA% Y 8AYo% U T A

a¥,;YoA Ya%U T andb.2isproven.

Now, supposethat XAAAc%Eo WHHLVDP RGFORX ZIWS$ 1, A=T,; B=F).
B's 2" side assignment will happen in the next iteration of 2 during BCP called at
line 2.2, then the algorithm will return SAT at line 2.3.1 without B unassigning and
b.3.1isproven.
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Finally, supposethat YAAA0%ED \WHHIVQRP RG-ORE ZIWS$ 1, A=T,; B=F).
There will be a contradiction after B 2™ side assignment. Observe that the
condition of line 2.4.2 won't become true, since ChkConflictsStatus(B) ==
NotChkConflicts(was set at line 2.1.2.1.2.1) or ChkLastConflict(was set in
GetFirstConflict, caled at line 2.1.2.1.3.1). Therefore, B will be unassigned at line
2.4.5.1, so condition b.4.2 of the theorem is proven.
Let'snow proveb.4.1 a¥;YoW,Ya AU T). Observe that there will be one
FODXVHIQY, : ¥ o= 88 h(1)V¥%Vv ApayvB,wherele K M” P .
Therefore: @Yo A o¥;YoP,YoA
(Ai()A« A (VAN Y $hinA« ASh)Ar% Y A
If one of A isF, than the third part of the above expressionisT.
If for ali: Ai=T, than

If B=T, than thefirst part of the above expressionisT,

Otherwise the second part of the above expressionisT.
Thereforea® Yo A U T and b.4.1isproven.

B BDHR AR

Step of induction: we need to prove the theorem supposing that B is of decision level

dl and that the theorem isright for all the variables with decision level >dl.

1. If o TAAA%ED \WHHLYDP RGHORX Z W $ 174 A =T; B=T), then there obviously
will be no contradiction after the BCP(line 2.2). It can turn out to be, that after the
BCP condition 2.3 becomes true and obviously A.1 istrue than. Otherwise next
decision variableis chosen (line 2.1.3). We'll denote it by C and suppose without
restriction of generality it'sassigned T first. Obvioudly the decision level of Cis
greater than one of B. Also the model with A% A=T; B=T must contain C=T or
C=F. Therefore according to the induction assumption, after C assignment the
algorithm will return SAT either :

- according to condition a.1, if thereisamodel containing C=T, or
- according to condition b.3.1, if thereis no model containing C=T, but thereis

one containing C=F
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Therefore, the algorithm will return SAT and will not unassign B and the condition
a.lisproven.

2.1f TAAA%WED WHHIVQRP RFDRY Z W $ 1, An=T; B=T) then

one of two following things can happen. We'll prove b.1 and b.2 for each :

) Thereisa conflict straight after the BCP procedure after B 1% side assignment. In
this case it' s straightforward from the algorithm structure, that b.1 istruefor casel.
Let's prove b.2. For same reasons like in the induction base proof: ¥ ;=

Ai(yv¥%v AijxVv B,wheeleL M"P.

a¥ Yo AYe%=((Ai()A« A$Si(yA% Y aAYa%

Observe than if al of A2 Ap,B are T, then (AipyA« A$iwA% V7 RKHZ M
aAYa% isT. Therefore

(((Ai(yA« ASi(kyA% Y aAYa% U T) £ o¥;YoA Ya%U T) and

b.2istruefor casel.

II) Thereisa no conflict straight after the BCP procedure after B 1% side assignment
and next decision variable is chosen.

Let C be the variable chosen next. Decision level of C is greater than dl. Therefore we
can use the induction assumption for C. Observe, that there is no model containing
A1, An=T; B=T, therefore there are no models containing (A1, An=T; B=T; C=T) or
(A1, An=T; B=T; C=F). So we can use the conclusions of condition b.4 of the
theorem (for variable C).

According to b.4.2, C will be unassigned after its 2™ side assignment. Line 2.4.2.1 in
the algorithm is the only line where 2" side variable may be unassigned. After that
line the top variable on the AssignedV ars stack is be B (1% side assigned), therefore, it
will be unassigned at line 2.4.2.1(if ConflictsToCheck(B)=={}) or 2.4.5.1. Therefore
b.listruefor casell.

Let I" be the set of clauses recorded while C was assigned. Observe, that the set of
non-implied literals being on the stack just before C 1% side assignment includes

A% Ar DG% 7KHHRH CHFHRAQ \RE TAAA%ED 2 BHYHQ@RZ WDV

W, (set of clauses recorded while B is 1% side assigned) VH 0R®@ I' 7KHHRH
YIAAA%ED DXGb.2istruefor casell.
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Up to this point we have proven a.1, b.1 and b.2.

Let's suppose now that b.3istrue ( XAAAc%ED \WHHLVDP RG-ORX Z 1\
A1, An=T; B=F)) and prove b.3.1. We€'ll denote the model by M.

First we'll prove that non-chronological backtracking doesn't take placein our case.
For proving it, we'll prove that ConflictsToCheck(B) cannot be empty (in terms of
RXUSUIRR ¥, FRQEIQV=% $ FFRAGQI RGP P D$ SAEY; TKHHRHO WVY¥:'s
model. Let M' be an interpretation which is different from M by only B value
(therefore M' contains A; 7 % 7 : HKDHSIRYHQY AAA%ED ) ROLYVIRP XD
REHWKH O P XWNRNDI\ V1 7KHHRIHY1 must contain clauses that are satisfied
B 0 DIGQRNDIYLHGE 0 1 2 EYIRAO XK FDX\VH/FRQMQ=% 7 KHHRMHY,
contains B and ConflictsToCheck(B) can't be empty.

It means, that the non-chronological backtracking won't happen in our case, or in
another words, condition 2.4.2 won't become true for B, and B will be 2™ side
assigned, therefore first part of b.3.1 statement it true.

Now we'll complete b.3.1 proof. We'll separate between 2 cases according to the
return value of ChooseChkConflictStatus(line 2.1.2.1.1) for B or in another words,
case (a) isthe case if we don't check conflicts for B, but proceed asin DPLL
algorithm, case (b) is the more interesting case, when we choose to check conflicts for
B.
(a) Conflictsaren't checked for B(ChooseChkConflictStatus returns NotChkConflicts at
line2.1.2.1.1)
The proof hereis very similar to a1 proof above. After B 2™ side assignment BCP is
executed(line 2.2). It may happen that after the BCP, 2.3 becomes true and obvioudly,
b.3.1istruein that case. Otherwise next decision variable is chosen (line 2.1.3). We'll
denote it by C and without restriction of generality supposeit'sassigned T first.
Obviously the decision level of C is greater than one of B. Also the model with
A1¥aAn=T; B=F must contain C=T or C=F. Therefore according to the induction
assumption, after C assignment the algorithm will return SAT either :
- according to condition a.1, if thereis model containing C=T, or
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- according to condition b.3.1, if there is no model containing C=T, but thereis
one containing C=F
Therefore, the algorithm will return SAT and will not unassign B and the condition

b.3.1isproven for case (a).

(b)Conflicts are checked for B(ChooseChkConflictStatus returns ChkConflicts at line
2.1.2.1.1)

| HXVERN P RHFRVHD DAWHWUKRMHR ¥, . HIOGHRMIWFDX\H/E yi« yy

It's composed from two parts: clauses containing B (we'll denote each such clause
B o BIGDARM@PANROR WA Q oA« Awmy) and clauses not containing not B nor
0% Z H@GHRMHIK \FK FIX\HE\ 5 DOIGDARMANROR VWA X 1A« Axx). So
¥ QAX Y can't contain clauses with B, since all the clauses are added when B is

assignedto T.

Observe, that after B 2™ MGHDWLIQP HYMKHDORIMP | RUHIK o; assigns one by
one not yet assigned YDUCEBVIURP o; to value opposite to that of appropriate literal
IURP w;(single pre-assignment happens at line 2.1.2.1.3.4), than (if there was no

ARQUDARNRQRUMHY SIRYHGWREH6$ 7 WAKRRAH/(H VEHRMRQ YDUCE®! $ 1\WJ
RHNQ] w;, it backtracks and checks next conflict.

/ W@ EHDP RG{R X VWWRQMQ/$ =T;B=F. It exists since condition b.3 istrue
for our case. Let C,¥4 Cy bethe literas of all variables which are:

1) not assigned avaluetill the point after the BCP procedure for B assignment.

2) consistent withM

Let M' be an interpretation which is different from M by only B value (therefore M'
contains Ai=T;B=T). In order that M" would satisfy oy 1Y« Yoy,YaAYo%
ZKIK LVDVMIXRR\ CHFRAQ WE WP XWWDI\ RIHR vyi's. WE' Il denote one
R \KFKFDX\VH/E o 1 RMWWDMD P XWEHDP HP EHUR Q WP XWNVARQIQ %
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BHDAVHREHZ DMHO  Z RX@I1DI\ o EXVWKDAARX@IVKESSHD MCHHO  LVEVP RGO
DGEAE MFHo IVDRRJITAWDXH + HFH

o ©8$;1v¥%v AjkVv Bv Cjua)v¥%v Cjn,),whereforeachf:

1"MlI «N "LI P

$ FRAQ R\WHDORIMP o LVEHQ) RKHINHGDY/DQ R \WHP HPEHYR Q $ 1\WMJUDD
\WHP HP EHYR o DIHDAMIQHG WHIRTZ 1Q) YDUCE®Y DHRQWHGHAMRQ AN
A1.Am, B,Cinw Cip). Observe, that there can't be contradiction after assigning one of
Ci's, since the decision stack literals and C;' s are consistent with M. Now, let D be a
GHAMRQ YDULEG! DMIHS DWUDMIQQ] 0w P HP BHY Z HUXSSRHZ LKRXAW
restriction of generality it'sassigned T first. Obviously the decision level of D is
greater than one of B. Also M contains D=T or D=F. Therefore according to the
induction assumption, after D assignment the algorithm will return SAT either:

- according to condition a.1, if M contains D=T, or

- according to condition b.3.1, if M contains D=F.
Therefore, the algorithm will return SAT and will not unassign B and the condition

b.3.1isproven for case (b).

Up to this point we have proven a1, b.1, b.2 and b.3.1. Let's prove b.4.1 and b.4.2.

EXSSRHWDNEAAAYED  WHHIVCRP RG-ORY ZIWS$ 11, An=T; B=F).

) LWAZ HI@BURYHIWRMHFDHZ KHQ& RQ CRN7 R&.KHIN % LVHP SW W3 doesn't
AFRQMOQ=% 2 EVHYHWDMW; doesn't contain B as well according to
GetNonlmpliedConflictClause structure.

Inthis case b.4.2 istrivialy true, since B isn't assigned 2™ side value according to the
algorithm (2.4.2 istrue when B is a the top of AssignedVars).

. HODWKRZ QRZ \WDWAAAED 6XSSRHRQWHARQADY 0 LVDP RGHORUYAA I
0 ARQEQVY% 7 IWDIWLH/P1AAA% IQARQUDARNRQWRE 1 0 ARQEIQV% ) GW
M' be an interpretation which is different from M by only B value. M" must satisfy
YIAA MGHWYVH SIWMRQGRHQVWARQIQY% RUe% 7 KHHRUHO 1P XWNDI\
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P1AAA% IQFRQMARNRQWRE  6RZ HKDH\WKRZ QWD 1 AAAED 2 BHYHQ@Z
WDAD = ¥4, since we don't check 2™ MIGHR % \WHHRIHOAA A£o DGE \WVZH
have proven b.4.1 for the case when ConflictsToCheck(B)=={}.

6XSRHAZ &RYTPV7 R&.KHIN % DVQWHP SW W, contains  B). According to
algorithm's structure B will be assigned 2™ side value in this case.

WEe'll separate between 2 cases: (a) conflicts aren't checked for B; (b) conflicts are
checked for B. We'll prove b.4.1 and b.4.2 for each.

(a) Conflictsaren’t checked for B(ChooseChkConflictStatus returns NotChkConflicts at

[1]

(1]

line2.1.2.1.1)

WEe'll proceed here as usual. There can be two cases:

Thereisa conflict straight after the BCP procedure after B 2™ side assignment.
b.4.2 istruefor case[l], according to the algorithm structure(this would happen at
line2.4.2.1). Let'sproveb.4.1.

) WWRBVHYHWDAHHZ LTOEHRHFDXAVHIQY, - ¥ 2= 88 h(1)V¥a Vv An)VvB,

wherele K M” P

WE'll show that thereis no interpretation falsifying a® Yo A =

a¥,YaW¥,Ya A, by trying to build such an interpretation and seeing , that it's
impossible.

Observe, that such an interpretation, if existed, would have contained A;Y4 An=T
\RP D\He A 1D0H 7KHHRUH %P XWNEH7 RKHZ MHY, would have been F and
a¥,Ya¥,Ya A would have been T.

But in this case, according to already proofed b.2 a¥;YaAYe%U T a¥;
must be T, but theno ¥ ; Yo ¥, Yo A is T and we have failed to build an
interpretation falsifying our formula.

Thereforeb.4.1isproven for case[l].

Thereis no conflict straight after the BCP procedure after B assignment and next

decision variableis chosen.
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Let C be the variable chosen next. Decision level of Cis greater than dl. Therefore we
can use the induction assumption for C. Observe, that condition b.4 of the theorem is
true for C and if C was 2™ side assigned then according to b.4.2, C will be unassigned

after its 2" side assignment. Line 2.4.2.1 in the algorithm is the only line where 2™

side variable may be unassigned. If C wasn't 2™ side assigned, it still means that it

has been unassigned avalue (1% side in this case) at line 2.4.2.1.

After that line the top variable on the AssignedVars stack is B(2™ side assigned),
Condition 2.4.2 istruefor B and therefore, it will be unassigned at line 2.4.2.1.
Thereforeb.4.2 istruefor case[ll].

Let I" be the set of clauses recorded while C assigned a value. Observe, that the set of
literals being on the stack just before C assignment includes A% A and  B.
Therefore, accordingtob.4.1: eT'YaAY%U T 2BEHYHQRZ \KDAP,(set of
clauses recorded while B is 2™ side assigned) lVH 0R®@ I' 7 KHHRH
a¥,YaAY%U T.According to already provenb.2 : a%¥; Yo AYa%U T. Observe
that oW ;Yo ¥, Yo A isaresolvent of left sides of two previous formulas, therefore
it'salso atautology and b.4.1 istruefor case[ll] (it can be easily shown
semantically aswell).

By this, we have completed b.4.1 and b.4.2 proof for (a).

(b) Conflicts are checked for B(ChooseChkConflictStatus returns ChkConflicts at line
2.1.2.1.1)
If there is a contradiction straight after BCP for B, the proof isidentical to that of

case (a). Suppose that there is no such contradiction.

. HOH WGWH@RBIRQ/R E SRR $VARXPD WP HP BHUwi(1” Le Z) arethe
FOXH/R P, FRQEIQQ) 8% ( OFK o KDVWHIRTRZ 1Q) WKRMH o=

Ai(y)v¥av Aijuyv Bv Civ¥%v Cp,whereAi's, B and Ci'sare mutually
digoint. We'll denotefor eachi:ai=Ai(1)A« A% i) Yi=C1A« A&y,

According to thisnotation, for eachi : ®; ©a;Ya%Yay;.
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First we'll provethat b.4.1 istrue. Observe, that if we choose to check conflicts for B,
the following happens: the algorithm reachesline 2.1.2.1.3.1 and chooses the first
FRQCPAR AKHIN |, QDERKHZ RBY IWKRRH/RHR QV / HWHH®m,. Then(line

MWARRH/DOMBAOURP y; MFHOMDYIURP o; and B are all assigned a
value. Let thisliteral be C;. It decides C;. Observe, that according to the algorithm's
MUKRXUH IWWARQIXH/ R AKRRH YDUCE®YV | URP v; and to assign it valuestill one of 2
things happen:

X 7TKHHAQEHDFRRQAWD/DURXOR %&3 DWIDMIQQ) REHR vi's variables. In this
FOH WHDORIKP Z LOX(DWMIQHIK R DMIHSy; variables at line2.4.2.1.

X  7TKHHYV@RARQ AN KKIDMJIQQ) ;' s variables. In this case we must choose next
decision variable D. According to the induction statement, D will be unassigned after
2" side assignment or unassigned after 1% side assignment and not assigned 2™ side
DAOMHWHHLYRP RGFORYE FRQEQQ) SOWR OMDYEHRZ ' RQWHGHAMRQ
stack (we supposed, that no model contains A% An=T; B=F). Obviously thereisno
model, containing al the literals below D. The unassignment happens at line 2.4.2.1.
$ I\WZ DB/ \WHDORDKP Z LOXPWIQHIK R DMIQHGy; variables.

1 RZ Z HAHHZ KDAKDESHYY H WQERK FDAHY U 0 VWHRQD FDXVHLQQ \WH
algorithm unassigns B(ChkConflictStatus(B)==ChkLastConflict in this case) and b.4.2
LVP HMRKHZ IVHIWAKRRH/H WARQ CRAICH o, DWIQ/DOMBDOURP v, and
JRVRQH CR® O\HLQw; AKHNQ) FDH ,\ WERAARIRUHYHY w;, till it reaches the last

conflict to check after which it unassigns B.
It obvious from the reasoning above that the algorithm will unassign B after 2™ side
DAMIQP HQADWURKHINQI HYHY RHR Q P HP EHYDQGE\ \WlVVwe have proven b.4.2

for case (b).

Now we'll prove b.4.1.
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/ AT, TRUHORK L BEHWHRRMQARQR FOXVHYZ KK LV UHRRGHGZ KiBlw; is being

AKHANHG Z Ki®y;' s variables are on the decision stack).

Let's prove the following statement:

LemmaA.4.2 ) RUHIKL ITAAARYAYAD

Proof of A.4.2:

TKHHADQEH FOH/Z KKBGIFKHINQ HKR o; :

- 7KHHFDQEHDFRYANVDUWHKXOR %83 DWIDMIQQ RHR v; variables. In this
FDWHIT; FRQUWR DMQIGIFDX\VHDGKDVIRBZ IQJ IRP - T1;=
( Ajayv¥av Ao tHvB)Plv( Cyayv¥a v Ci(my) 3!, where[3]
must have at |east one member, [1] may have O or more(till m) members(i.e. may
QRACSSHUDNDD DG> @ D QRADBSHDULQIT;. In any case, observe, that
ITAAACYAy; Ao IVDIKRRI\ 7 KDRWWKH MQRHIRULT; being true at |east one of
> @ @ @ XWEHWKH ,| > @QVWKH \KODA LVIDOH 1 > @QVWKH \KDBR% LI DOH
DGU > @QVWKHWHDy; LVIDOH ,Q0Q FDHILAAARY%AY; is a contradiction.

- TKHHIVQRRQ @AWW KIBIDAMIQQ) vi' s variables. In this case we must choose
A VA RMVRQYDUCE®'  / W BEHWHVANR ARQ GRANFODXWHYUHRG-GZ KB LV
assigned. According to the induction assumption and condition b.4.1,
TAAARYAYyiEDo RBHYHWDM's, B and Ci's are the non-implied variables
BZ ' RQWHGHMRQWIRNZ KB WVEHQ DMIQHG 9T, WVH CR® I
WHIHRHITAAA0YA Y A£D

B oPPD$
Now we'll prove another lemma:
LemmaA.43: AA; ATLiA sa;Ye%Yoy;)EAA; A oa;Yoy;) WLEUX
LWVWHFRMQANRQR XK W clauses, that don't contain not B nor  B)
Proof of lemmaA.4.3:
We must prove, that if AATI;A; A 2a;Ye%Yay;)H isT, than
AA; A oo;Yey)2l V7 1> @v7 WOQA 7 I1=T and X=T. From the fact that
A 7 DIGWHWURMHR o IWRTRZ Vo,=T.
7TKHHRHIR> @QREH7 WP XWEHWDW6 ) RJyi ) 1 yi=Fthan[2] isobvioudly T.
I HAV\XSSRHWDNS ) $ FFRAGQ RGP P D$ UIL 70GA 7006G% ) W
P XWEHWDN,=F, therefore [2] is T in this case as well.
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B oPPD$
To another lemma:
LemmaA.44: AA; A va1Yoey, A« A aoyYayy,)AEDo

Proof of lemmaA.4.4:

SHFRAQ \RE Y;AAA%ED KRBV ,WDQEHUHZ UMWDY

AA; A oa1Yoy Yo% A« A ooy, Yoy, Yo% A%AEQD

2 EVHYH \WWDM ; 0;fVDQGy;' sdon't contain not B nor  B.

Therefore, AA; A Ba1Yey; A« A Bay,Yoeyy,)!™! must be Funder all
interpretations, otherwise, if we had set B to T in the interpretation which satisfied
[*,AA; A BaYay, Yo% A« A cayYoy,Yo% A%wouldhavebeen T
and this would have contradicted b.2.

So we have proven, that [*] isfalse under all interpretations, therefore [*] £o
therefore AA; A taiYoy; A« A ooyYoy,)&LEDo
B oPPD$

Now, we'll prove b.4.1 for our case (b). By a simple regrouping we get:
AAOU AAYAY, U

AA; A oo Ya%Yoy; A« A oa,Ya%Yay, ATI;A« ATl U
AA; All1oa1Ye%Yoy; A« A AA; Allyra,Ye%Yoyy).
According to lemmaA.4.3, for eachii :

AA; AILiA oa;Ya%Yoy;))EAA; A va;Yoy;),therefore
AAYIAYLE AA; A vaiYey, A« A AA; A may,Yayy,)).
But by regrouping, weget AA; A Boi1Yey; A« A AA; A BayYayy))=
AA; A oa Yoy, A« A Bay,Yoyy), and according to lemmaA.4.4 :
AA; A oa Yoy, A« A oayYoyy) Ao

TKHHRHAAVIAYAE0 REYIRKX U ) 1/&EF; and FAF; than FL&EF).
So we have proven b.4.1 for case (b).
But this we have completed theorem's 4.2.4.1 proof.

B wrRuP
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Next theorem proves the soundness and completeness of CRSAT

Theorem 4.2.4.2 (soundness and completeness of CRSAT):

[ HAL BHD&1) IRP XD 7KDY
1) ,IXZ1V6$7 &56$7 X WHMOQ/E6S7
2) ,IX1V816%$7 &56%$7 X WHMOQ/816$7

Proof of 4.2.4.2:

1.

6XSSRHX V6$ 7 / W BHWH I LIWMG-AMRQ YOUDE® AKRHQ DACH \KSSRH
without restriction of generality, it was assigned T first. According to our assumption
WHHLVDP RHD \RY || % 7 OFFRGQI \RO \WDQFFRGQ \WRFRGBWROD R
theorem 4.2.4.1, the algorithm will return SAT (observe, that in our case m=0in
condition aof 4.2.4.1). If B=F according to M, than according to condition b.3.1 of
theorem 4.2.4.1, the algorithm will return SAT.
6XSSRHX V81 6$7 / R EHWHI LLWEHRMRQ YDUDEHI FRRH DAIXH
suppose without restriction of generality, it was assigned T first. According to our
DAXP SWRQ WHHLVRP RFHORY Z \WWHWHR 6 7 R)% ) \WHHRHFRRQGEWRQVE
and b.4 of theorem 4.2.4.1 are true and if B was 2™ side assigned, then according to
4.2.4, the algorithm unassigns B after 2" side assignment. If B was only 1% side
assigned, the algorithm unassigns it according to b.1. Anyway, the unassignment
happens at line 2.4.2.1. Obviously, AssignedVars stack is empty after unassigning B,
since it's been the bottom-most variable in the stack. Therefore the condition 2.4.3
becomes true and CRSAT will return UNSAT at line 2.4.3.1.

B wrRsP

Appendix A.5-  New Pruning Techniques Related Code Changes and

Formal Proofs

The code changesto CRSAT code from Appendix A.3 needed to implement each one of

the new pruning techniques from section 4.3 will be provided below. Formal correctness

proofs for each technique will be provided as well.
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The code changes will be based on code which includes changes from previous
techniques.
The proofs will be based on theorem 4.2.4.1 proof brought in Appendix A .4.

In next subsection we' Il introduce an auxiliary lemma, which will help usin formal

proofs in further subsections.

Appendix A.5.1 - An Auxiliary Lemma

LemmaA.5.1 / HAy DGo EHSUIRSRIMRQORILF | RP XDV \WWDANDHXMQ) disjoint sets of
variables. Then the followingistrue:

If  yAcEoDG \WHHIYDPREHD WRa than ywAoD

Proof of lemmaA.5.1;
6 XSSRHWDAKHHLY/DP RGHD fIRUy 7KBQ Z HRRXG\RNDDKH YDUCEGYLQO WDV
BHRQ Wa \R\WWHYDOH/\WH JHEHRAEQ WO 0 TLVMNODP RGHORUy MAHy DG

DHAMARQNVEXR DOR DP REGHO Ruo: MCHHDOWH YDUDE®Y SDMWASDNY [Qo DBHHAR
\WH\CP HYDOH/DVIQO  7KHHRUWHO VDP RGHI RUy Ao BGZ HIRAD FROMAERNR)
Z N \KHDWXP SWRQy A oD

i s

Appendix A.5.2 - Using 2" Side Variable Non-Participation in Conflicts

A521- Code Changes

Thereis aneed to record for each decision assignment of avariable not only conflict
clauses recorded when the variable is 1% side assigned (currently such clauses are
recorded in ConflictsToCheck), but also conflict clauses when the variable is 2™ side
assigned. We'll introduce new function for this purpose:

Conf2Side : Variables A Ordered Set of Conflicts
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WEe'll have to adjust ManageNewConflict and Assign functions to manage the new data

structure :

Update to ManageNewConflict ( new lines are added to the end of the code) :
2.2. If (AssignmentStatus(A)—Side2)
221 QHWRQ3OHQ BHHBHRER) 61GH$ w

Update to Assign ( new lines are added to the end of the code) :
5. If (AssignementStatus(A)—Side2)
5.1. Conf2Side(V) ={}

Code changes to CRSAT procedure are minimal. It requires inserting acall to afunction
that implements this technique before line 2.4.2.1. Therefore the code between line 2.4.2

to 2.4.3 looks as follows:

Update to CRSAT (code between lines 2.4.2 to 2.4.3 non-incdlusive is shown):
2.4.2.1. Impl1SConfDel(StackTop(AssignedVars))

2.4.2.2. A=UnassignTopVariable()

Now to the Impl1SConfDel function. The function Impl1SConfDel uses another function
DeleteConfRetainingConsistency. The latter function deletes a conflict retaining the
consistency of conflict-related data structures. It means that after deleting the conflict the
data structure is exactly the same asif the conflict had never been existed.

void Impl1SConfDel (Variable A)
1 If (AssignmentStatus(A)—=Side2) AND (ChkConflictStatus(A)=—NotChkConflicts) AND (Conf2Side(A)=(}))
11 YRJw ) LMVBP2 12 BHHBHRRIEWRRKHNSG w  18// w  1H\MBP2I2 \GHHBHW $

111" HERBRQ5 HEIQQIRROMMR w

void DeleteConfRetainingConsistency(Conflict ®)
1 YRU$ ) IVBP2I2WBHBEBHAW $  18// $  1H\WBP2 12 \EHBHEBEHW
11 | JIOHPEH2 12 GHHBHARRIEW RRKHNS w
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11.1.5HRH TP 2 GHHBHARRQMAWRKHNS W
12. | JOHPEH212 GHHBHRR) 61IG1$ w
12.1.5H°RH BP2 BHHBHARR) 6IG1$ w

In the next subsection we' Il prove that this method doesn't hurt the soundness and
completeness of CRSAT

A522- Forma Proof

WEe'll prove here theorem 4.2.4.1 for CRSAT enhanced by our method. Fortunately, we
don't need to prove it from the beginning.

The induction base proof isidentical to that brought in Appendix A.4, since last variable
on the decision stack have to participate in conflict when it's 2™ side decided.
Obviously, the induction step proof is the same for every variable which condition 1 of
Impl1SConfDdl isfalse for.

Let B be avariable which condition 1 of Impl1SConfDel is true for. We reach
Impl1SConfDel after checking both sides of B and finding no model, therefore conditions
aand b.3 of theorem 4.2.4.1 arefalse, thusa.1 and b.3.1 proofs require no changes. b.1
and b.2 are also true, since there is no changein CRSAT operations before checking B's
2" side. b.4.2 istrue since the 2" side unassignment happens just after the call to

Impl 1SConfDél function.

Therefore, we have to prove only b.4.1. Let C be a decision variable being checked just
after B (C must exist, since otherwise B would have participated in the only conflict
MWD \WWUWDAMIQ@P HQV [ IV BEHWHVANR FRQAVUHRGHGZ K& Z DVRKHAINHG
Observe, that A1¥2aAn and B are the variables being on the decision stack just before
C'sassignment. According to the induction assumption for C(its decision level is
REYIRAO JUDMMHYIV T'AYAAAD 2 BEHYHQ@Z WD WVIG-QNTDOR® MQAHZH
delete all the conflicts, that were recorded when B was 1% side assigned. Therefore
OARYAAAD $FRAQ \RRAUDIKP SMRQ 2% GRQWSSHDUQ® 2 EIRAO W
GHQWBSHUQA D/ZHD7 KHHRIHOAA DGe% DHAMWR QN2 BEVHYHDOR \WWDAQ
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interpretation containing B=F isamodel for B. Therefore, according to lemmaA.5.1,
DOAA/ED

i s

Appendix A.5.3 - Using Conflict Variables Non-Participation in Conflicts

Ab531- Code Changes

Thereisaneed in anew data structure to keep conflict clauses recorded while checking a

conflict. We'll introduce new function for this purpose:

ConfswhileChkConf : Variables A Ordered Set of Conflicts

It'svalid for a 2" side variable and for aconflict variable. It keeps all the conflicts
recorded:
1) while checking the current conflict(for 2" side variable)

2) while aconflict variableis assigned a value(for a conflict variable)

We'll add a new value Del S1Confs to ChkConflictStatus' s range:
ChkConflictsStatus : Variables/A{ Notknown, NotChkConflicts, ChkMiddleConflicts, ChkLastConflict, DelS1Confs}:

WEe'll use auxiliary function DeleteConfRetainingConsistency from A.5.2.1 with little
changes to manage ConfsWhileChkConf :

Update to DeleteConfRetainingConsistency ( new line is added to the end of the code) :
13. | JOHPEH2 12 GHHBHARR)V. KEBKNRD $ w
1.3 1.5HPRH P2 GHHBHAERYIV. KBBKNRD $ w

WEe'll have to adjust ManageNewConflict, GetFirstConflict and GetNextConflict

functions to manage the new data structure :
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Update to ManageNewConflict ( new lines are added to the end of the code) :

2.3. If (AssignmentStatus(A)—=Side2) AND (ChkConflictStatus(A) = NotChkConflicts))

231 ,QHWRQ30HQ BHHBHAERIV. KEBKNRD $ w
2.4. If (AssignmentStatus(A)—ConflictVar)
241 QHWRPQ3OHQ BHHBHARRYV, KBEKNR) $ w

ate to GetHrstConflict ( new line is added to the beginning of the code) :
1. ConfsWhileChkConf(A) = {}

Update to GetNextConflict ( new line is added to the beginning of the code) :
1. ConfsWhileChkConf(A) ={}

Update to Assign ( new lines are added to the end of the code) :
6. If (AssignementStatus(A)—ConflictPart)
6.1. ConfsWhileChkConf(A) = {}

The changein CRSAT isjust before the call to GetNextConflict at line 2.4.6.1.

Update to CRSAT (new code just before line 3.4.6.1):
2.4.6.1. If (NoConfVarParticipatedinLastConf(A)) /*code below*/

24611 ChkConflictStatus(A) = DelS1Confs
246.1.2. w w w w

246121 || 127 |I0HPEH2 12 WHHBZHARRIV. KBEBKNR) w

2461211 ' HARRRQ5HEQQIERQMAR
24613 GoTo242

To compl ete the code changes, we introduce a new function :
Boolean NoConfVarParticipatedinLastConf(Variable A)

1 For (B=NextBlemOfOrderedSet(CurrentlyCheckedConf(A), A); B = NULL; B = NextElemOfOrderedSet(CurrentlyCheckedConf(A), B))
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1.1. If (ConfsWhileChkConf(B) '={})
1.11.Return F
2. RetunT

A5.32- Formal Proof

For the samereasons asin A.5.2.2, we should only prove the statement b.4.1 from
theorem 4.2.4.1, while the statement b.2 istrue (we'll use this fact in the proof).

Let D be adecision variable being checked just after deciding al the Cj' (D must exist,
since otherwise one of C;IVZ RX@KDYHSDWASDMGLIQWHRI® FRATANR 1T MVADNWULW
DAMIQP HWV / W BEHWHHAR FRQAVUHRGGZ KB Z D/AKHINHG 2 BVHYH \KDWV
AYsAm, B, Ci¥4C, arethe variables being on the decision stack just before D's
assignment. According to the induction assumption for D(its decision level is obviously
JUDMMHYIV OARYAAAYAD 2 BEVHYH WD LVIGQNFDORIT 7KHHRH
[TARYAAAYAED $ FRGEQ R RXUDMXP SIRQ & IVARIMISSHIUQIT (RUQA R
FRAUH 7KHHRHITAAA2%DGy DHAWAOQNS Q LOMBHBNRQARQEQQ) &=T for
DOMVDP RHIRYy 7KHHRH DFFRAQ \WROGP P D$ [TAAAR%ED RJ

alIYa AY%U T.

According to statement b.2 of theorem 4.2.4.1 : a¥ 1 Ya AYa%U T. If we usethe
resolution rule on two latest expressions, weget a ¥ YallYa AU T 9%0WD P1AIT
since we deleted all other conflict clauses. Therefore e ®@ Ya AU T and we proved
b.4.1.

2 BFHYH WD 2% GRAVQIVEDMASDMLOI T DGZ HAHPIMY ;. clauses according to the
principle from 4.3.1 (and A.5.2), b.4.1 is still true, since IAAAR%ED P HIQVITAAAD U
2% MIMQIT | RUHDIRQVELIRKIKWQA .5.2.2 @ T LQWLYFDHDGWHHRIHOAA Ao

It proves that we can combine pruning methods from this and previous sections.

i s
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Appendix A.5.4 - Deleting Some 1°' Side Conflicts After Conflict Checking

A541- Code Changes

We'll introduce a function S2VarPart :

S2VarPart : Conflicts £{T, F}

It maps checked conflicts to boolean valuesin the following way :

) RHOKFRQOAw VW

1) There exists adecided, 2" VGHYDUCE®I$ VWERQTPW/ RRKHINS  LFOGH/ o

2) o KDvDDHGE BHRKHINHGIRUS

3) A isthevariable with greatest decision level of all possible variables fulfilling first 2
conditions

6 903DWs» 7 Ul $ SDWASDMELQDABDINRHR WHRRQ WRAVUHRGGZ KIBlo 2DV

checked.

WEe'll introduce a new function UpdateS2V arPartStatus, to manage S2V arPart.
UpdateS2V arPartStatus should be called for each conflict that has just been checked.

void UpdateS2Var PartStatus(Variable A)
1 )RJw &RV KBRKNRD$ w  18// w 1H\WMBP2 12 GHHBHRRIV KBRKNERD $ $
1.1.,1 ,10 PEH2 12 GHHEBHM $
1.1.1. S2VarPart(CurrentlyCheckedConf(A)) =T
1.1.2. Return
2. S2VarPart(CurrentlyCheckedConf(A)) = F

Now, we'll introduce the changes to CRSAT needed to implement the new technique :

Update to CRSAT (new code just before line 2.4.6.1):
2.4.6.1.UpdateS2V arPartStatus(A)
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Update to CRSAT (new code between lines 2.4.2.1 to 2.4.3 non-inclusive):
2.4.2.2. If ((AssignmentStatus(A)—Side2) AND (ChkConflictStatus(A) =
NotChkConflicts) AND (ChkConflictStatus(A) '= DelS1Confs))
24221 UpdateS2VarPartStatus(A)

24222 )RJw SRMBEWRKHNS w 18// w wf

* NextElemOfOrderedSet must be applied before DeleteConfRetainingConsistency to keep
ConflictsToCheck consistent*/

242221 w] 1H\WOP2 2 GHBHERIEWRRKHNS o
242222, 6 9030VW

2422221 ' HARRRISHEQQERQMAR w

Observe that according to the above code if we used the principle from 4.3.1
(ChkConflictStatus(A)==Del S1Confs), we don't use our new principle.

A542- Formal Proof

For the samereasons asin A.5.2.2, we should only prove the statement b.4.1 from
theorem 4.2.4.1.

WEe |l use here the notation of theorem's 4.2.4.1 proof.

, QWHRUHP v SRR Z HX\HGIT; to denote the conjunction of clauseswhichis
UHRGHS Z KBilw; VEHQ RHINHG ,QWLYVSURR \WHHLY DAL I HHFHBERZ HQ\XKTT;' s,
\KD/¥o GRAVQVEDWASDMLOIT; DG WHIH RIHCSSURSUDM ; is deleted at the end of

FRQ @PVHAHINLQ) | R0 DG \XHKIT; IV WD/ GRHY SDMASDMLOIT; DG w; is not del eted.
: H@GHRMBE 0;(0” M W\XKKII;'s, which don't contain B(nor B, of course) and by
A(0” N” G \IFKII;'s, which contain B.

Observe, that w =t + d. Obvioudly, if t=0, the theorem istrue, since we don't delete no
;.

1RZ ZH@BRYH GPPDVMPLMWMRS  DIG$ BEAVWMIHRD IRJO;'S:
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LemmaA.5.4.2.1: ) RUHIFKM O,AAAY&AD

Proof of A.5.4.2.1:

$ FRAQ \ROP PD$ OIAAAYARYED 2 BHYH WD AAAYyand B are
digoint and any interpretation containing B=F isamodel for B. Therefore, according to
®PPD$ OAAAYAD

B oPPDS

LemmaA.5422: AA; AOAAA; A vo;Yoy;) UPLQEUX LVIKHRRMQANRY
R \XFK ¥, clauses, that don't contain not B nor B)

Proof of A.5.4.2.2:

Wemust prove, that if AA®;A; MisT, thanAA; A oa;Yoy;)?

V7 I >@V7 WDRQA 7 O;=T and X=T.

YXWURP ®P PD$ DG \WHDWXP SWRQVYWDM. 7 ©; 7 IWRIBZ V \KDN;=F.
Therefore[2] istrue

B oPPD$

1RZ ZH@BRYHE  |RURXUFDH 2 BEVHYH WD LVDRRMQANRQR OV Ai's, clauses
IURP ¥, WDAZ HIHIMEHDIMG FRUINERAQ) WWHIFK A and X clauses. Therefore, we can
say, that:

AAD $AXAOIA« AO{A A1A Ba1Yo%Yay; A« A AgA “agv Bv
Yd $A; AO;p A« A $AXAO; A $AXA A1A Bai1Ye%Yoy; A
A $AXA AgA vogYe%Yoyy))).

AccordingtolemmaA.4.3,foreachi $AXA A1A va1Ya%Yayq)))A
$AXA “aiYryg))

AccordingtolemmaA.5.422,foreachi: $A; AO)E AA; A zaiYay;))
Therefore AAOAE AA; A vraYay; A« A AA; A oayYeyy)).Butby
regrouping, weget AA; A BaiYay; A« A AA; A dayYayy))=

AA; A oa Yoy, A« A BayYoyy), andaccording to A.4.4

AA; A oa Yoy, A« A oayYoyy) Ao

TKHHRHAAOAD REYIRXKX U ) 1/£F; and FAFR; than FL&EFR;).

i s
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Appendix B - Jerusat Solver Detailed Description

Here we' Il provide extensive information about the Jerusat solver. We'll bring the Jerusat
working principlesin appendix B.1. In appendix B.2 we'll analyse the performance of
Jerusat.

Appendix B.1-  Jerusat Working Principles

First we'll bring atable of configurable parametersto Jerusat with a description of each
parameters usage. Thereis one or more parameter for each aspect of Jerusat
implementation listed in section 5.1. In the table below the parameters are grouped
according to it. In addition, afew technical parameters are grouped under

a Miscellaneous®.

Each parameter may be of one of the following types: Long(32 bits signed integer),
ULong(32 bits unsigned integer), Boolean(0 or 1), Double(real number) or String. A
group, atype, arange, a default value and a description are brought in the table for each
parameter. The default values were set after numerous experiments (more about it in
Appendix B.2).
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Group

Name

Type

Range

Defa
ult

Description

Buipiosas asre|D

maxClsLen

Long

Length threshold for clauses recorded according
to non-implied variables scheme. Correspondsto t
threshold from section 4.8. All clauses shorter or

equal to maxClsLen are kept forever. Longer
clauses are deleted after unassigning the
maxClsLen+1 literal.

clsDensity

Long

Value corresponding to d threshold from section

4.8. Please refer to that section for more details.

ifAdd1UipClause

Bool

{0.1}

Should be 1 to record clauses according to 1UIP
scheme (in addition to clauses recorded according

to non-implied variables scheme).

max1UIPLenToRec

Long

Length threshold for clauses recorded according
to 1UIP scheme. All clauses shorter or equal to
max1UIPLenToRec are kept forever. Longer
clauses are deleted after unassigning the
max1UIPLenToRec +1 literal.

gsNum

Long

Even,

20

The number of queuesin priority queue for VAP

heuristics.

maxlinterval

Long

20

The maximal value for variable to be in the
maximal queue. Corresponds to m from section
4.4,

ifGetFirst

Bool

{0.1}

If it's 1, than the variable taken from the maximal
queueisthefirst variable in the queue(or the
second one, detailsin ifLittleRand description),
otherwise it' s the variable with maximal s(A)
value (see sec. 4.4 for details about s(A)).

ifLittleRand

Bool

{0,1}

If ifGetFirst==1 and ifLittleRand==1 than
variable taken from the maximal queue isthefirst
or second variable according to coin sampling. If
ifLittleRand==0 than the variable taken according
to ifGetFirst value.

ifLessSgn

Bool

{0.1}

If O than first literal of maximal variable to check
will be the literal with maximal number of
appearances, otherwise it would be the other
literal.
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maxMinHeur

Double

0.7

Corresponds to p from section 4.4. Defines how
should we calculate (A) for each variable. Please

refer to 4.4 for more details.

incrHeur LUIP

Long

{01,
2

Defines whether and how should we increase the
C(A) counter for literal participating in conflict
according to 1UIP scheme. If O, counter isn't
increased when recording 1UIP clause. If 1,
counter isincreased only for conflict side literals.
If 2, counter isincreased for al literals visited

when recording the clause.

SWRYIS

Bupuys

ifPrepush

Bool

{0,1}

0 if no shrinking schemeisused. 1 if nonimplied
variables shrinking scheme is used. Please refer to

4.7 for more details.

Ko1jod Sielsay

restartAft

ULong

100

Definesthe initial value for the number of

conflicts, Jerusat should restart after recording it.

restartAdd

ULong

10

Added to restartAft after each restart.

ifClsOnRestart

Bool

{0.1}

If 1, the restart will take place only after only 1*
side variables are on the stack and a clause will be
recorded then as described in 4.6.2.

If O, the restarts are taken regularly with no clause

recording.

1VSHOM

notCheckConfsFrom

Double

0.1

According to this valueit's chosen for each 1%
side variable A whether to check conflicts for it or
to proceed asin DPLL. Let x be the number of
conflicts recorded when A was 1% side checked.
Let y be the number of conflicts were A
participated when it was 1% side checked. Than if
y/x < notCheckConfsFrom, conflicts would be
checked.
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Length threshold for conflicts recorded. All
conflicts shorter or equal to maxConfLen are kept
forever. Longer conflicts are deleted after
unassigning the maxConfLen+1 literal. This
maxConfLen Long . 9 | parameter defines the window size for the
WCRSAT agorithm. Conflicts may be checked
only for variables for which al the conflicts are
kept and therefore no conflict in which it
participatesis deleted.

If O, no sorting is carried out during the visiting a

o clause for assigning. SortedFrom is updated if the
2
8 clause isfound to be sorted.
) ifSortinimply Bool | {0,1} 0 o . ) .
= If 1, limited sorting possible when passing once
é over theliteralsis carried out. SortedFrom is
updated if the clause is sorted afterwards.
Number of seconds after which the searchis
=2 cutOff Ulong >0 31536000
27;' cut.
L
alid . .
% vel Name of the output file. Standard output is the
e outFile String file stdOut
n default value.
name
TableB-1

In subsequent section, we'll refer to the parameters, specifying it initalic.

Appendix B.1.1 - Implementing WCRSAT Algorithm + New Pruning
Methods

Jerusat implements the WCRSAT algorithm (4.2.5.1) as well as the pruning methods
from 4.3.

The decision whether to check conflicts or go onin DPLL-style istaken for each A as
described below. Let x be the number of conflicts recorded when A was 1% side checked.

Let y be the number of conflicts were A participated when it was 1% side checked. Than if
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y/x < notCheckConfsFrom, conflicts would be checked. Observe, that if
notCheckConfsFrom=0, than the conflicts aren't checked at all.

Another important decision to take iswhat isthe WCRSAT window size. It's defined by
maxConfLen parameter. All conflicts shorter or equal to maxConfLen are kept forever.
Longer conflicts are deleted after unassigning the maxConfLen+1 literal. Conflicts may
be checked only for variables for which all the conflicts are kept and therefore no conflict
inwhich it participates is deleted.

Appendix B.1.2 - Clause Recording

Jerusat enables recording clauses according to non-implied variables and 1UIP schemes.
It usesthe literals density relevance based learning technique described in 4.8 for clauses
recorded according to non-implied variables scheme.

Parameter maxClsLen defines the length threshold for clauses recorded according to non-
implied variables scheme. It corresponds to t threshold from section 4.8. All non-implied
variables scheme clauses shorter or equal to maxClsLen are kept forever. Longer clauses
are deleted after unassigning the maxClsLen+1 literal. clsDensity correspondsto d

threshold from section 4.8. Please refer to section 4.8 for more details.

If parameter ifAdd1UipClauseis 1, than clauses are recorded according to 1UIP scheme
aswell. Parameter max1UIPLenToRec defines the length threshold for such clauses. All
1UIP scheme clauses shorter or equal to max1UIPLenToRec are kept forever. Longer

clauses are deleted after unassigning the max1UIPLenToRec+1 literal.
Appendix B.1.3 - Restarts Policy

There are 2 restart policies Jerusat is working with. The one used is defined by
ifClsOnRestart.

If it's O, than restart is taken after restartAft conflicts and after each conflict restartAft is
increased by restartAdd.
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If it's 1, than restarts are taken after restartAft conflicts, but only after all the non-implied
variables on the stack are 1% side variables. A clause defining searched path is added after
each restart asit'sdescribed in 4.6.2. After each conflict restartAft isincreased by
restartAdd.

Appendix B.1.4 - Heuristics

Jerusat uses the VAP heuristics described in 4.4. The number of queuesis gsNum, the
maximal valuefor s(A), sit. A can bein the maximal queue (corresponding to mfrom
4.4) is maxInterval. maxMinHeur corresponds to p parameter from section 4.4.

Now we' Il describe the algorithm for increasing the c(A)' s for literals. Let us suppose
that A isassigned T/F. c(A)/c( A) isincreased by 1, when variable of A/ A participates
in derivation of conflict clause according to non-implied variables scheme, i.e., every

time when any literal of variable of A/ A isadded to ConflictReason according to
algorithm brought in Appendix A.2. Observethat if A isassigned T, than c(A) is
increased, otherwise c( A) isincreased.

If incrHeur LUIP=0, than thisis the only place when c(A) may beincreased for every A.
If incrHeur1UIP=2, than the counter is also increased for variables participating in
derivation of 1UIP clauses. If A isassigned T, than c(A) isincreased, otherwisec( A) is
increased.

If incrHeur 1UIP=1, than the counter is also increased for variables participating in
derivation of 1UIP clauses and being on the conflict side of the 1UIP cut. If A isassigned
T, than c(A) isincreased, otherwise ¢( A) isincreased.

IfGetFirst and ifLittleRand define what variable is returned when needed.

If ifGetFirst=0 than the variable in the maximal queue with maximal s(A) is returned.

If both are 1, than variable is taken from the maximal queue and is thefirst or the second
variable according to coin sampling.

If ifLittleRand=0 and ifGetFirst=1 than the first variable in the maximal queueis
returned.
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Theliteral returned out of the 2 literals of the 2best® variable is defined by ifLessSgn. If
it's O than first literal isthe literal with maximal number of appearances, otherwise it
would be the other literal.

Appendix B.1.5 - Data Structures

The data structure for clause managing is WLCC, described in 4.5. According to
observation (1) at the end of section 4.5.2, we don't sort the clause at the end of avisit to
it. A limited sorting, that |eaves the complexity of clause visiting linear is performed if
ifSortInimply=1, otherwise no sorting is performed, but just a check whether the clauseis
aready sorted. The SortedFrom field of each clause is updated only if needed.

An important fact to mention is that the clause recording engines are built in such way
that every newly recorded clauseis sorted.

A few words about the data structure for conflicts management for CRSAT
implementation. The conflicts have the same literals as clauses recorded according to
non-implied variables scheme. One data structure is used to save both. It is deleted only if
both the clause and the conflict it represents are removed from the system.

The interesting fact is, that if we record every new clause sorted according to decision
level (which we do), a1¥ side literal, which conflicts are saved for is not visited as a
clause literal, till it becomes unsatisfied, sinceit's CN value stays unchanged. Therefore
each literal may be conflict literal or clause literal.

Below isadescription of a (ssmplified) low-level structure for conflict/clause managing:
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Field Comments

Number Of Literals Number of clauses literals
SortedFrom Necessary for managing WL CC data structure(see sec. 4.5)
Flags Auxiliary flags for managing the data structure
Beginning of literal boxes. Suppose thisliteral isaconflict
. Literal Number literal. Contains the order, literal number and pointer to
another cell of this data structure, which points to the next
o recorded conflict for thisliteral.
Ya Ya
A
End of literal boxes. Suppose thisliteral isaclause literal.
Literal Number Contains the order, literal number and pointer to another cell
" of this data structure, which pointsto the next literal in this
° clause (as described in the section about WL CC).

Pointer to next clause for
clause head literal

Pointer to next clause for

Beginning of pointer boxes

literal next after clause head

If this clauseis to be deleted after unassigning of some number
Pointer to next clause to be of itsliterals, it's part of the list of clausesto be deleted. The
deleted variable after unassignment of which the clause should be
deleted 2holds® the list.
If this conflict is to be deleted after unassigning of some

Pointer to next conflict to be number of itsliterals, it's part of the list of conflictsto be
deleted deleted. The variable after unassignment of which the conflict
should be deleted 2holds® the list.

A pointersto next conflict of | Beginning of list of pointersto next conflict for every conflict

first conflict litera literal
Ya Ya

A pointers to next conflict of . ) . o
End of list of pointersto next conflict for every conflict literal

last conflict literal

TableB.1.5

The table consists of description of various fields of the CC(conflicts/clauses) low level

data structure. As you can see there are three major partsinit :
1. Genera data, including the number of literals, the SortedFrom field and various flags.
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2. Litera boxes

3. Pointer boxes. Each clause may be member in different linked lists, such aslist of
clauses, where a certain literal iswatched, list of clausesto be deleted after
unassignment of some literal etc. Those pointers point to next clause in appropriate
list.

Appendix B.1.6 - Shrinking Scheme

Currently Jerusat allows to implement the non-implied shrinking scheme (4.7.1). It's
turned on if ifPrepush is 1 and turned off otherwise.

Appendix B.2-  Jerusat Performance Analysis

Appendix B.2.1 - Choosing the Benchmarks Set

There is no customary way to compare the performance of different SAT solvers or
different configurations of one solver. Thereis no set of benchmarks known to represent
well the CNF functions. We tried to choose a reasonable set of benchmarks received from

different problems.

Below we list the benchmark families we used with short description of each. All the
benchmarks, but FVP-UNSAT.2.0, with an extended description can be found at [44].
FVP-UNSAT.2.0 is from http://www.ece.cmu.edu/~mvelev/. We'll sometimes use

alight® versions of big families, i.e. the same families, but with lesser number of
instances. We also list it in the table below and refer to it as FAMILY _It.
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Name Short Description Number of instances : satisfiable-unsatisfiable
ag SAT-encoded Quasigroup 22:9-13
(or Latin square) instances
] Random SAT instances with
jnh _ 50:16-34
variable length clauses
"Morphed" Graph Colouring,
P » J 100:100-0
5 colourable
sw100-8-Ip0-c5
as All Interval Series 4:4-0
Uniform Random-3-SAT,
hase transition region,
P _ E 100:0-100
uuf150-645 unforced filtered
Uniform Random-3-SAT,
phase transition region,
uf150-645 _ 100:100-0
unforced filtered
) Artificidly generated
am-200
Random-3-SAT 24:16-8
Pigeon hole problem
phole 5:.0-5
Instances for problem in
parity16 learning the parity function 10:10-0
Circuit fault analysis: bridge
bf fault 4:0-4
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flat200-479 Flat graph colouring 100:100-0
SAT-encoded bounded
bmc model checking intances 13:13-0
logistics Planning 4:4-0
Encoded 2-colouring forced
pret150 to be unsatisfiable 4:0-4
Instances from a problemin
1116 inductive inference 10:10-0
. Instances from a problemin
1132 ) o 17:17-0
inductive inference
blocksworld Planning 7:7-0
_ Randomly generated SAT
dubois _ 12:12-0 (without dubois100.cnf)
Instances
beijing 16:15-1
T SAT Competition B&ijing | 14:13-1(beijing without 3bitadd_31.cnf and 3bitadd_32.cnf
beijing_lt
instances)
Circuit fault analysis: single-
ssa stuck-at fault 8:4-4
SAT-encoding of Towers of
hanoi Hanoi 2:2-0
Formulas generated in the
fvp-unsat.2.0 | formal verification of correct 22:1-21
superscalar microprocessors.
Cfvpunsat20 It | [ 7:0-7(fvp-unsat. 2.0 without all ipipevs instancesfor i>3)

TableB.2.1
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Appendix B.2.2 - How to Compare Different Solvers/Configurations

After selecting the benchmarks, a question that is raised is how to compare different
Jerusat configurations and how to compare Jerusat vs. other solvers. One solution isto
compare the sum of average times on every set of benchmarks. But this solution gives
huge importance to big and hard benchmarks. A possible solutions for comparing Jerusat

configurations in terms of magnitudeis as follows:

Let C(i,x) be the average time of Jerusat run for some benchmarks family i and for
configuration x. Let C(i,y) be the average time of Jerusat run for the same benchmarks
family for configuration y. Computing C(i,x)/C(i,y) givesaway to compare the
performance of configuration x vs. configuration y and to express the result by a number

independent of size and complexity of benchmark family.

The following expression gives away to compare performance of 2 configurations on a

set of benchmarks families:

| . Kk o L1:if C(i,x)>C(i,y) o 1:if C(i,x)>C(i,y)
R(Xy) = C('i”;,)i AP wherek = ®-1:if C(iX)<C(i,y) :m=®-1:if C(iX)<C(iy)
I ’ oL CiX)=C.y) % 0:if C(i,x)=C(y)

for every family i

If R is positive, than we consider y to be 2better® than x , otherwise x is better than y.

The above way of comparing the performance gives too much power of influence to one
family of benchmarks, where one configuration outperforms the other in many orders of

magnitude. The solution below gives less power to extreme values:

. Kk o 1:if C(i,x)>C(i,y) o 1:if C(i,x)>C(i,y)
L (xy)= I %og %(:_)%1 AP , wherek = e@ -1:if C(i,x)<C(iy) :m-= @-1 - if C(i,x)<C(i,y)
I L if O X)=C(iy) 0 if (i X)=C(i.y)

for every family i

Comparison of Jerusat to another solvers may be done in exactly the same way.
R(Jerusat,Limmat), L (Jerusat,zChaff), etc. are defined well.
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Appendix B.2.3 - Choosing the Optimal Configuration

Now we can describe how did we choose the optimal configuration or in another words
how did we choose the default values for each parameter appearing in table B.1.

Jerusat has as many as 18 non-technical parameters (listed in table B.1), 2 of which are
real, 9 + natural and 7 + boolean. Obvioudly it isimpossible to check even small fraction
of the parameters' space. We have to strictly define what parts of parameters space we
want to check. We used the following solution:

We built a script, which receives afew groups of parameters from table B.1. The groups
have to be digoint and the union of it givesfull list of parameters. It aso receives afew
(1 or more) tuples for each group of parameters (say, consisting of p parameters). Each
tuple consists of p members. Each member of each tuple corresponds to a certain
parameter' s value.

For example, it may receive:

Parameter groups Tuples
maxClsLen, clsDensity, ifAdd1UipClause, max1UIPLenToRec 1. {6,519}
2. {7,6,0,9
gsNum, maxinterval, ifGetFirst, ifLittleRand, ifLessSign, maxMinHeur, incrHeur1UIP 1. {20,20,1,1,0,0.7,1}
2. {8,8,0,0,1,0.52}
ifPrepush 1. {1
2. {0}
restartAft restartAdd ifClsOnRestart 1. {1000, 0, 0}
2. {2000,100, 1}
3 {
notCheckConfsFrom, maxConfLen 1. {o0.18}
ifSortInimply 1.{1}
cutOff outFile 1. {2700, out.txt}

The script tries to find the best configuration as follows:
The first configuration the script runs Jerusat with, consists of parameter values,

corresponding to thefirst tuple for each parameters group. In our example, it would be

maxClsLen=6; clsDensity=>5; ifAdd1UipClause=1; max1UIPLenToRec=9
gsNum=20; maxInterval=20, ifGetFirst=1, ifLittleRand=1, ifLessSign=0, maxMinHeur=0.7, incrHeur1UIP=1;
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ifPrepush=1; restartAft=1000; restartAdd=0; ifClsOnRestart=0;
notCheckConfsFrom=0.1; maxConfLen=8; ifSortInimply=1; cutOff=2700; outFile=out.txt.

Let this configuration be x. The script defines x to be the 2best configuration®.

Then it passes to the next configuration. Parameters from the 1% group receive values
defined by the 2™ tuple for the 1¥ group. The other parameters stay the same.

Let this configuration bey.

Than the script calculates L (2best configuration®, y). If L(2best configuration® ,y)>0, the
script defines y to be the best configurations, otherwise x stays to be the best
configuration.

It goes on in this manner till thereis no more tuples to check for the 1% group. Than it
passes to the 2™ group. It takes the 2best configuration® and changes the 2™ group
parameter values to correspond to the 2™ tuple of the 2" group. It compares the results of
Jerusat according to this configuration to the results according to 2best configuration® and
changes the best configuration if needed.

It goes on similarly until it reaches the last tuple of the last group.

Than it returns the 2best configuration®.

We have run this script alot of times starting from different configurations and providing
it different groups of parameters.
The configuration, the script converged to in most of the casesis the default

configuration provided in table B.1.

Appendix B.2.4 - Jerusat vs. Limmat and zChaff

In section 5.2 we provided a table comparing the performance of default configuration of
Jerusat with the performance of Limmat(version 1.0) and zChaff(version z2001.2.17).
Here we'll provide 2 tables comparing Jerusat vs. Limmat and Jerusat vs. zChaff using
the method from B.2.2.

The fourth column of table B.2.4.1 contains for each benchmarks family i :

] Kk o 1:if C(i,Jerusat)>C(i,Limmat) o 1:if C(i,Jerusat)>C(i,Limmat)
C(il'i?rnl:%)i AP ZKHHN ®-1:if C(i,Jerusat)<C(iLimmat) :m=®-1:if C(i,Jerusat)<C(i,Limmat)
’ ® o1 C(i,Jerusat)=C(i,Limmat) ® 0 if C(i,Jerusat)=C(i,Limmat)
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Thefifth column of table B.2.4.1 contains for each benchmarks family i :

C(i,Jerusat) | k
%’9 C(i,Limmat)

Observe that

_ 1:if C(i,Jerusat)>C(i,Limmat)
AP ZKHHN ®-1:if C(i,Jerusat)<C(i,Limmat)
- i C(i,Jerusat)=C(i,Limmat)

_ 1:if C(i,Jerusat)>C(i,Limmat)

‘m= @-1 : if C(i,Jerusat)<C(i,Limmat)

0 : if C(i Jerusat)=C(i,Limmat)

- the summary of the fourth column is R(Jerusat, Limmat).

- the summary of the fifth columnis L(Jerusat, Limmat).
Thetable B.4.2.2 issimilar to B.4.2.1, but it compares Jerusat and zChaff.

One can see, that Jerusat outperforms both Limmat and zChaff.

Jerusat Limmat K
Benchmarks Average in seconds Average in seconds %ﬂkﬁp %)g%(%i »
Family (i,L)*
(7200 for a cut instance) | (7200 for a cut instance)
aim-200 0.03125 0.050833 -1.62667 -0.2113
ais 0.01 99.78325 -9978.33 -3.99906
beijing 1010.768 959.8232| 1.053077 0.02246
bf 0.24275 0.418 -1.72194 -0.23602
blocksworld 8.475143 8.204571 1.032978 0.014091
bmc 28.383 67.42838 -2.37566 -0.37578
dubois 0.035 0.0125 2.8 0.447158
flat200-479 0.38391 2.4815 -6.46375 -0.81048
fvp-unsat.2.0 5063.531 4985.998 1.01555 0.006701
hanoi 74.522 3603.853 -48.3596 -1.68448
iil6 0.1773 6.43 -36.2662 -1.5595
ii32 0.900176 0.362706| 2.481836 0.394773
jnh 0.0202 0.0316 -1.56436 -0.19434
logistics 0.3605 0.731 -2.02774 -0.30701
parity16 1.9605 11.0173 -5.61964 -0.74971
phole 172.7922 40.2456| 4.293443 0.632806
pret150 1.1535 0.07 16.47857 1.21692
a9 15.47486 80.90673|  -5.22827 -0.71836
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ssa 0.05 0.09125 -1.825 -0.26126
sw100-8-Ip0-c5 0.0021 0.0095 -4.52381 -0.6555
uf150-645 0.35824 0.68928 -1.92407 -0.28422
uuf150-645 1.22619 451746 -3.68414 -0.56634
SUM 6380.858 9873.155 -10072.4 -9.87846
TableB.2.4.1
Jerusat zChaff
Ber;:::;rks Average in seconds Average in seconds (%(E)C—)) ‘ ( Iog%(ii”—z‘])c—)) ‘
(7200 for a cut instance) | (7200 for a cut instance) m
aim-200 0.03125 0.599208 -19.1747 -1.28273
ais 0.01 48.39675 -4839.68 -3.68482
beijing 1010.768 993.4041 1.017479 0.007525
bf 0.24275 1.044 -4.30072 -0.63354
blocksworld 8.475143 13.65114 -1.61073 -0.20702
bmc 28.383 2346.6 -82.6762 -1.91738
dubois 0.035 0.494417 -14.1262 -1.15003
flat200-479 0.38391 6.76601 -17.6239 -1.2461
fvp-unsat.2.0 5063.531 3445.406 1.469647 0.167213
hanoi 74.522 3605.123 -48.3766 -1.68464
ii16 0.1773 19.1849 -108.206 -2.03425
132 0.900176 0.931235 -1.0345 -0.01473
jnh 0.0202 0.1485 -7.35149 -0.86638
logistics 0.3605 5.7635 -15.9875 -1.20378
parity16 1.9605 20.8417 -10.6308 -1.02657
phole 172.7922 23.724 7.283434 0.862336
pret150 1.1535 2.9635 -2.56914 -0.40979
qg 15.47486 65.92155 -4.25991 -0.6294
ssa 0.05 0.405375 -8.1075 -0.90889
sw100-8-Ip0-c5 0.0021 0.1103 -52.5238 -1.72036
uf150-645 0.35824 2.81278 -7.85166 -0.89496
uuf150-645 1.22619 12.66249 -10.3267 -1.01396
SUM 6380.858 10616.95 -5246.64 -21.4922
TableB.2.4.2
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Appendix B.2.5- Influence of Jerusat Parameters on Its Performance

In this section we' |l analyse the influence of Jerusat parameters on its performance. One
subsection will be dedicated to each parameters group corresponding to 6 aspects of
Jerusat implementation brought in section 5.1 and in the 1% column of table B.1. In each
subsection we' |l bring the performance of Jerusat with afew configurations that are
similar to default, but with changes in one parameter. We'll compare the performance of
such configuration with the performance of a default one according to the L(x,y)
measuring provided in B.2.2. The cut off time for al the experiments of this section is set
to 45 minutes (2700 seconds). 2700 seconds were added for an instance which has been
cut off.

The performance was checked on a computer with 128Mb of memory, 2x86 Family 6
Model 5 Stepping 2 Genuine Intel ~350 Mhz° processor and 2Microsoft Windows 2000
Professional® operating system. We used the light version of fvp-unsat.2.0 and beijing

families to save running time.

B.25.1- Cause Recording

Table B.2.5.1 provides comparison of the default configuration with 3 configurations,
that have the same parameters as default, but :

1. clsDensity = 0 (instead of 5) for the 1% configurations

2. clsDensity = 15 (instead of 5) for the 2™ configurations

3. ifAdd1UIPClause = O (instead of 1) for the 3" configuration.

We don't provide here performance corresponding to different maxClsLen and
max1UIPLenToRec parameters, since it would inflate thiswork's size. It has been
checked however according to B.2.2 principles and found that the current default values
are the best for maxClsLen and max1UIPLenToRec.



One can see that not adding 1UIP clause really hurts the performance. Thisis especialy

true for blocksword, beijing_It, bmc, hanoi and fvp-unsat.2.0_It benchmark families.

Observe, that the default configuration performs better that one with clsDensity = 0. It

means that the new relevance-based |earning technique, provided in 4.8 improves the

performance.
Benchmarks Default ClsDensity = 0 ClsDensity = 15 IfAdd1UIPClause = 0
Time Time L(Def,This) Time L(Def,This) Time L(Def,This)
aim-200 |0.031667| 0.027917 | 0.054739 | 0.026667 | 0.074634 | 0.08375 | -0.42238
ais 0.015 | 0015 0 0.0125 | 0.079181 | 00125 | 0.079181
beijing_It |126.7712| 155.4994 | -0.08871 | 121.9904 | 0.016695 | 1615766 | -0.10536
bf 0.21775 | 0.15525 | 0.146927 | 0.15775 | 0.139989 | 0.333 | -0.18449
blocksworld | 8.249 | 8.742857 | -0.02525 | 10.05743 | -0.08609 | 92.80786 | -1.05118
bmc | 28.05569| 154.2396 | -0.74017 | 108.6492 | -0.58801 | 389.8589 | -1.14289
dubois _ |0.036667| 0.0375 | -0.00976 | 0035 | 0.020203 | 0.43675 | -1.07596
flat200-479 | 0.36419 | 0.417 | -0.05881 | 0.36723 | -0.00361 | 0.38086 | -0.01944
fp-unsat.2.0_It | 756.0074| 841.2867 | -0.04637 | 827.7663 | -0.03933 15(19;?)3 10.31995
hanoi | 71.933 | 135.3895 | -0.27466 | 235.088 | -0.5143 1?1;?2 -1.27581
i16 0.1703 | 01763 | -0.01504 | 0.1381 | 0.091021 | 0.1871 | -0.04086
32 |0.850706| 1.314471 | -0.18897 | 1.289647 | -0.18069 | 0.903647 | -0.02622
inh 0.0206 | 0.0192 | 0.030566 | 0.0204 | 0.004237 | 0.0234 | -0.05535
logistics | 0.3305 | 0.27025 | 0.087406 | 0.28775 | 0.060156 | 1.2845 | -0.58956
paritylé | 1.9076 | 3.3455 | -0.24397 | 3.4146 | -0.25285 | 4.1016 | -0.33247
phole  |172.2504| 178.8166 | -0.01622 | 160.0818 | 0.031841 | 220.8552 | -0.10792
pretls0 | 1.1135 | 3.41925 | -048724 | 0295 | 0.576868 | 1.036 | 0.03133
gy |14.84082| 10.85468 | 0.135841 | 15.87227 | -0.02918 | 13.30636 | 0.047398
ssa 0.0525 | 0.05375 | -0.01022 | 0.0525 0 0.09875 | -0.27438
sw100-84p0-c5| 0.0023 | 0.0013 | 0.247784 | 0.0023 0 0.0021 | 0.039509
Uf150-645 | 0.34846 | 0.38568 | -0.04407 | 0.36195 | -0.0165 | 0.33038 | 0.023139
UUF150-645 | 1.17733 | 116514 | 0.00452 | 1.20218 | -0.00907 | 1.0908 | 0.033153
SUM  |1184.846| 1495633 | -1.54160 | 1487.169 | -0.6248 | 3825.725 | -6.7705

TableB251
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B.252-

Heuristics

TablesB.2.5.2.a, B.2.5.2.b and B.2.5.2.c provide the performance of Jerusat with a

configuration similar to default, but with changes to heuristics-related parameters.

A few observations :

- the default configuration is better than all provided here according to L(X,y)

measuring.

- thedefault configuration is much better than others on the bmc family.

- setting ifLessSgn to O improves the performance on the beijing family, but hurts

badly the performance on the pret150 family

- maxMinHeur=0.5 improves the performance on the beijing family, but should be

0.7 in order to ensure good performance on the fvp-unsat.2.0_It

- incrHeur1UIP should be 1 in order to ensure good performance on hanoi, fvp-
unsat2.0_It and pret150 families

Benchmarks Default ifGetFirst =0 ifLittleRand = 1 ifLessSign = 0
Time Time L(Def,This) Time L(Def,This) Time L(Def, This)
aim-200 [0.031667| 0.035833| -0.05368| 0.030833| 0.011582 0.0375( -0.07343
ais 0.015 1.0615| -1.84983 0.18275| -1.08577 0.005( 0.477121
beijing_It |126.7712| 140.8239| -0.04566| 175.0484| -0.14014| 88.84436| 0.154391
bf 0.21775 0.14775| 0.168431 0.17775| 0.088149 0.16275| 0.126437
blocksworld | 8.249 15.80557| -0.28241| 7.535143| 0.03931| 9.625571| -0.06703
bmc 28.05569| 109.2322 -0.59033| 73.89638 -0.4206| 175.5603| -0.79641
dubois  |0.036667| 0.039167| -0.02865 0.055| -0.17609| 0.041667| -0.05552
flat200-479 | 0.36419 0.39419| -0.03438| 0.41789| -0.05973| 0.45797| -0.09951
fvp-unsat.2.0_It | 756.0974| 615.2343| 0.089537| 685.2126| 0.042752| 888.1131| -0.06989
hanoi 71.933 1?1521:;5 -1.27374| 254.5985| -0.54893 112.914| -0.19582
iil6 0.1703 0.4987| -0.46662 0.0741| 0.361396 0.8163| -0.68064
ii32 0.850706| 2.625118| -0.48937| 4.665118| -0.73908| 2.063176| -0.38476
inh 0.0206 0.0192| 0.030566 0.0182| 0.053796 0.019| 0.035114
logistics 0.3305 0.298| 0.044955 0.2955 0.048614| 0.19275| 0.234177
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parity16 1.9076 5777 -0.48122 5.4977| -0.45969 3.5538| -0.27021
phole 172.2594| 173.6354| -0.00346| 189.6424| -0.04175| 250.2728| -0.16223
pret150 1.1135 10.96525| -0.99333 0.3125 0.55184 6:3:3?3 -2.78302
qag 14.84082| 17.22314| -0.06465| 14.87127| -0.00089| 22.18855| -0.17467
ssa 0.0525 0.045| 0.066947 0.045| 0.066947 0.0625| -0.07572
sw100-8-Ip0-c5 | 0.0023 0.0034| -0.16975 0.0024| -0.01848 0.002| 0.060698
ufl50-645 | 0.34846 0.40718| -0.06763| 0.34458| 0.004863| 0.40505| -0.06536
uuf150-645 | 1.17733 1.14183| 0.013297 1.1665| 0.004013] 1.28601| -0.03835
SUM 1184.846| 2446.448| -6.48097| 1414.091 -2.4179| 2232.259 -4.9046
TableB.25.2.a
Benchmarks Default maxMinHeur = 0.5 maxMinHeur =0.3
Time Time L(Def,This) Time L(Def,This)
aim-200 [0.031667| 0.034583| -0.03826| 0.031667 0
ais 0.015 0.01] 0.176091 0.14| -0.97004
beijing_It |126.7712| 132.7701| -0.02008 81.307| 0.192893
bf 0.21775 0.1325( 0.215742 0.15025| 0.161144
blocksworld | 8.249 11.358 -0.1389| 21.06629( -0.40719
bmc 28.05569| 105.4517 -0.57503| 183.1666| -0.81483
dubois  |0.036667| 0.044167| -0.08082 0.05 -0.1347
flat200-479 | 0.36419 0.34073| 0.028918| 0.43284 -0.075
fvp-unsat.2.0_It | 756.0974 1?;13;9 -0.13482 1??11? -0.31515
hanoi 71.933 176.2055| -0.38909 1355774 -1.27526
(1 cut)
ii16 0.1703 0.8931| -0.71969 0.5437| -0.50414
ii32 0.850706| 0.970176 -0.05707| 0.377176| 0.353235
jnh 0.0206 0.0214| -0.01655 0.02| 0.012837
logistics 0.3305 0.16775| 0.294509( 0.25075| 0.119931
parityl6 1.9076 3.609 -0.2769 5.0551| -0.42324
phole 172.2594| 209.0884| -0.08415| 290.6004| -0.22711
pret150 1.1135 0.4025| 0.441924 0.2525| 0.644429
qag 14.84082| 11.61632| 0.106389| 16.43045| -0.04419
ssa 0.0525 0.0675| -0.10914 0.0875| -0.22185
sw100-8-Ip0-c5 | 0.0023 0.0023 0 0.0026| -0.05325
ufl50-645 | 0.34846 0.37894| -0.03642| 0.43963| -0.10093

L1




UUf150-645 | 1.17733 | 0.08403| 0.07789] 1.17132] 0.002223
SUM | 1184.846| 1685868 -1.33546| 3519.504| -4.08018
TableB.2.5.2.b
Benchmarks Default incrHeurlUIP =0 incrHeurlUIP =2
Time Time L(Def,This) Time L(Def,This)
aim-200 |0.031667| 0.041667| -0.11919| 0.042917| -0.13202
ais 0.015 0.015 0|  00175| -0.06695
beijing_It |126.7712| 78.38343| 0.208796| 132.5512| -0.01936
bf 021775 | 0.14525| 0.175842|  0.1275| 0.232448
blocksworld | 8.249 | 109.1677| -1.12169| 1592571 -0.2857
bmc  |28.05569| 337.5149] -1.08027| 76.64569| -0.43647
dubois | 0.036667 0.02| 0.263241] 00325 0.052388
flat200-479 | 0.36410 | 0.37294] -0.01031| 0.42771] -0.06982
fvp-unsat.2.0_t | 756.0974 1;5:’[;8 .0.31284| 547.174| 0.140452
hanoi | 71.933 | 0% | 127371| 83.0845| -0.06259
(1 cut)
i16 0.1703 0.1702| 0.000255|  0.1531] 0.046239
i32  |0.850706| 1.678412| -0.29512 1.256| -0.16921
inh 0.0206 0.02| 0012837  0.0228] -0.04407
logistics | 0.3305 0.3805| -0.06118| 0.23025| 0.156972
paritylé6 | 1.9076 3.8066| -0.3102|  4.2737| -0.35032
phole  |172.2594| 203.3942| -0.07216| 149.9192| 0.060326
pretl50 | 11135 | 1.21625| -0.03833 Z(gifsl -3.27004
g9 |14.84082| 14.15227| 0.020632| 12.26227| 0.082887
ssa 0.0525 | 0.05375| -0.01022| 0.05375| -0.01022
Sw100-8-1p0-c5 | 0.0023 0.0010| 0.082974|  0.0017| 0.131279
Uf150-645 | 0.34846 | 0.37087| -0.02707| 048271 -0.14153
UUf150-645 | 1.17733 | 121413| -0.01337| 1.31051| -0.04654
SUM | 1184.846| 3657.033| -3.98108| 3099.626| -4.20185
TableB.2.5.2.c
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B.253-  Shrinking Scheme

Table B.2.5.3 provides the performance of Jerusat with a configuration similar to default,

but with changes to the shrinking-scheme related parameter (ifPrepush).

The default configuration is much better overall than one with non-implied variables
shrinking scheme applied. However the latter configuration is the best from al the
checked Jerusat configurations for the fvp-unsat.2.0_It family.

The other shrinking schemes provided in 4.7 may & so be implemented and tried in future

works.
Benchmarks Default ifPrepush = 1
Time Time L(Def,This)
aim-200 [0.031667| 0.036667| -0.06367
ais 0.015 0.7685| -1.70955
beijing_It [126.7712| 163.4886| -0.11047
bf 0.21775 0.19275| 0.052964
blocksworld | 8.249 14.95014| -0.25824
bmc 28.05569| 88.78392| -0.50031
dubois 0.036667| 0.039167| -0.02865
flat200-479 | 0.36419 0.49487| -0.13316
fvp-unsat.2.0_lt | 756.0974| 295.7611| 0.407637
hanoi 71.933 560.927| -0.89198
ii16 0.1703 0.1842| -0.03407
ii32 0.850706| 1.790353| -0.32316
jnh 0.0206 0.02| 0.012837
logistics 0.3305 0.3355| -0.00652
parity16 1.9076 5.5888| -0.46683
phole 172.2594| 190.6998| -0.04417
pretl50 | 1.1135 | 675.4105 2(173538
qg 14.84082| 13.70609| 0.034544
ssa 0.0525 0.06125| -0.06695
sw100-8-Ipo-c5 | 0.0023 0.0024| -0.01848
uf150-645 | 0.34846 0.43525| -0.09659
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uufl50-645 | 1.17733 1.30261| -0.04392
SUM 1184.846| 2014.98| -7.07161
TableB.2.5.3
B.254- Restarts Policy

Table B.2.5.4 provides the performance of Jerusat with a configuration similar to default,

but with changes to restarts-strategy related parameters.

The main conclusions from the data provided, is that

1. Restarting improves the performance

2. New restarts policy from 4.6.2 improves the performance

Benchmarks Default restartAft =1000 restartAft =’ ifClsOnRestart = 0
Time Time L(Def,This) Time L(Def,This) Time L(Def,This)
aim-200 |0.031667| 0.03125] 0.005752 0.03| 0.023481| 0.027917| 0.054739
ais 0.015 0.0125| 0.079181 0.015 0 0.015 0
beijing_It |126.7712| 1485715| -0.06891| 186.1076| -0.16674 1?353‘;9 -0.18542
bf 021775 | 027775| -0.1057| 0.27525| -0.10177| 0.14525| 0.175842
blocksworld | 8.249 | 6.443714| 0.107265|  13.398| -0.21064| 2.855571| 0.460708
bmc | 28.05569| 54.84746] -0.29114| 67.51785| -0.3814| 80.93554| -0.46012
dubois  |0.036667|  0.0275| 0.124939| 0.026667| 0.138303] 0.030833| 0.075251
flat200-479 | 0.36410 | 0.54919| -0.17839| 0.55448| -0.18256| 0.59427| -0.21266
fp-unsat.2.0_It | 756.0074|  724.765| 0.018381 lijiis)’s 10.23322 1‘(‘;‘?:';?5 10.2824
hanoi | 71.933 | 72.5345| -0.00362| 37.1635 0.286812] 658.447| -0.96159
iL6 0.1703 0.1671] 0.008238|  0.1671] 0.008238|  1.1265| -0.82052
32 |0.850706 1.067| -0.09838| 0.936882| -0.04191] 0.622235| 0.135825
inh 0.0206 0.0106| 0.021611|  0.0194| 0.026065 0.022| -0.02856
logistics | 0.3305 0.353|  -0.0286 0.348] -0.02241 0.12| 0.43999
parityl6 | 1.9076 45853] -0.38088] 45033 -0.38164] 53455 -0.4475
phole  |172.2594| 187.6476| -0.03716| 170.7954| 0.003707|  411.93| -0.37864
pretls0 | 1.1135 | 0.76075| 0.165448| 455.9553| -2.61223| 21.50025| -1.28575
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qg 14.84082| 15.98532| -0.03226 16.92532| -0.05708| 28.20909| -0.27893
ssa 0.0525 0.0625| -0.07572| 0.06125| -0.06695| 0.05125| 0.010465
sw100-8-Ip0-c5 | 0.0023 0.0021| 0.039509 0.0025| -0.03621 0.002| 0.060698
ufl50-645 | 0.34846 0.34775| 0.000886| 0.34975 -0.0016/ 0.60986| -0.24308
uuf150-645 | 1.17733 1.30967| -0.04626 1.3457| -0.05805| 2.38634| -0.30683
SUM 1184.846| 1220.368| -0.77582| 2250.183 -4.0678| 2857.966| -4.47848
TableB.2.5.4
B.255- WCRSAT

TablesB.2.5.5.aand B.2.5.5.b provide the performance of Jerusat with a configuration

similar to default, but with changes to the notCheckConfsFrom parameter. Remember,
that notCheckConfsFrom=0.0, means that CRSAT doesn't check conflicts like the
regular DPLL algorithm.

Observe, that the default configuration with notCheckConfsFrom=0.1 is better than each

of the others in terms of the overall performance according to L(x,y). However, the

configurations with notCheckConfsFrom=0.0 and notCheckConfsFrom=0.3 are better

than the default according to average times sum. Thisis due to the better performance on

the (hard) fvp-unsat.2.0 [t family.

Observe also, that the default configuration is better than one with

notCheckConfsFrom=0.0 for satisfiable families bmc, hanoi and beijing_It, but isworse

for unsatisfiable families fvp-unsat.2.0_It and phole.

Default |notCheckConfsFrom = 0.0| notCheckConfsFrom = 0.2

Benchmarks
Time Time L(Def,This) Time L(Def,This)
aim-200 |0.031667 0.03125| 0.005752| 0.042167| -0.12437
ais 0.015 0.015 0 0.01| 0.176091
beijing_It |126.7712| 160.0415| -0.10121| 95.00007 0.125297
bf 0.21775 0.18275| 0.076101| 0.17025| 0.106871
blocksworld | 8.249 9.280571| -0.05117| 10.93871| -0.12256
bmc 28.05569| 76.63623| -0.43641| 172.8432| -0.78963
dubois | 0.036667 0.035| 0.020203| 0.036667 0
flat200-479 | 0.36419 0.35697| 0.008696| 0.35579| 0.010134
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fvp-unsat.2.0_It | 756.0974| 572.6607| 0.12068| 862.775| -0.05732
hanoi 71.933 94.8915 -0.1203| 241.7575| -0.52645
ii16 0.1703 0.1753| -0.01257 0.1493| 0.057155
ii32 0.850706| 0.912176 -0.0303| 6.616706 -0.89086
inh 0.0206 0.0202| 0.008516 0.0204| 0.004237
logistics 0.3305 0.3405| -0.01295| 0.29025| 0.056399
parity16 1.9076 1.8734| 0.007857 1.9926| -0.01893
phole 172.2594| 152.7032| 0.052335| 176.6234| -0.01087
pret150 1.1135 1.17375| -0.02289 1.051| 0.025088
qg 14.84082| 15.95727 -0.0315| 11.57477| 0.107945
ssa 0.0525 0.0525 0 0.0525 0
sw100-8-Ip0-c5 | 0.0023 0.0029| -0.10067 0.0027| -0.06964
ufl50-645 | 0.34846 0.38791| -0.04658| 0.34442| 0.005065
uufl50-645 | 1.17733 1.1626| 0.005468| 1.16074| 0.006163
SUM 1184.846| 1088.893| -0.66094 1583.808| -1.93019
TableB.25.5.a

Benchmarks Default |notCheckConfsFrom = 0.3| notCheckConfsFrom = 0.5
Time Time L(Def,This) Time L(Def,This)
aim-200 |0.031667| 0.030833| 0.011582 0.0325| -0.01128
ais 0.015 0.0125| 0.079181 0.015 0
beijing_It |126.7712| 142.6135| -0.05114| 136.2307| -0.03125
bf 0.21775 0.15025| 0.161144( 0.16775| 0.113296
blocksworld | 8.249 14.75271| -0.25247 6.98| 0.072546
bmc 28.05569| 96.75608| -0.53766| 51.78531| -0.26619
dubois |0.036667| 0.041667| -0.05552| 0.035833| 0.009984
flat200-479 | 0.36419 0.35458| 0.011614( 0.43713| -0.07928
fvp-unsat.2.0_It | 756.0974 | 657.7814| 0.060496| 870.469| -0.06118
hanoi 71.933 81.6025| -0.05478| 115.932| -0.20728
ii16 0.1703 0.1643| 0.015577 0.1342| 0.103462
ii32 0.850706 1.028| -0.08221| 0.650471| 0.116552
jnh 0.0206 0.0178| 0.063447 0.021| -0.00835
logistics 0.3305 0.27275| 0.083407( 0.31025| 0.02746
parity16 1.9076 1.9797| -0.01611 3.7902| -0.29817
phole 172.2594| 168.0434| 0.010761| 192.278| -0.04775




pret150 1.1135 1.777 -0.203 1.842 -0.2186

ag 14.84082| 12.17427| 0.086015| 12.10418| 0.088522
ssa 0.0525 0.05125| 0.010465 0.0475| 0.043466
sw100-8-Ip0-c5 | 0.0023 0.0019| 0.082974 0.0022| 0.019305

ufl50-645 | 0.34846 0.3958| -0.05532| 0.40751| -0.06799

uufl50-645 | 1.17733 1.15715{ 0.007509 1.16881| 0.003154

SUM 1184.846| 1181.159| -0.62403| 1394.842| -0.69957

TableB.2.5.5.b

B.256- Data Structures

Tables B.2.5.6 provide the performance of Jerusat with a configuration similar to default,
but with changes to the ifSortInimply parameter. Observe, that the default configuration's

performance is better. This means that sorting the clause in the process of clause visiting

IS not paying off.
Default ifSortinimply = 1
Benchmarks
Time Time L(Def,This)
aim-200 [0.031667| 0.033333 | -0.02228
ais 0.015 0.015 0
beijing_It |126.7712| 171.1076 | -0.13025
bf 0.21775 | 0.21525 | 0.005015

blocksworld | 8.249 10.67971 | -0.11216

bmc 28.05569| 79.09385 | -0.45012

dubois 0.036667| 0.035833 | 0.009984

flat200-479 | 0.36419 | 0.38554 | -0.02474

fup-unsat.2.0_It | 756.0974 | 872.2014 (2103534
hanoi 71.933 | 478.278 | -0.82275
ii16 0.1703 | 0.1842 | -0.03407
ii32 0.850706| 0.837176 | 0.006962
jnh 0.0206 | 0.0188 | 0.039709
logistics | 0.3305 | 0.353 -0.0286

parity16 1.9076 3.7041 -0.2882

phole 172.2594| 174.132 -0.0047
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pret150 1.1135 0.3475 0.505735
a9 14.84082| 16.66527 | -0.05035

ssa 0.0525 0.0525 0
sw100-8-Ip0-c5 | 0.0023 0.0024 | -0.01848
ufl50-645 | 0.34846 | 0.36645 | -0.02186
uufl50-645 | 1.17733 | 1.19072 | -0.00491
SUM 1184.846| 1809.9 -1.50811

TableB.2.5.6
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