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al University of Lisbon, INESC/CELLisbon, PortugalAbstra
tThis paper proposes the utilization of randomizedba
ktra
king within 
omplete ba
ktra
k sear
h algo-rithms for Propositional Satis�ability (SAT). Giventhat state-of-the-art SAT algorithms often randomizevariable sele
tion heuristi
s, and given that random-ization is not naturally appli
able to the identi�
a-tion of ne
essary assignments, our approa
h providesa fully sto
hasti
, but 
omplete, sear
h algorithm forSAT. In addition, di�erent organizations of random-ized ba
ktra
king are des
ribed and 
ompared. More-over, we relate randomized ba
ktra
king with sear
hrestart strategies, that have re
ently been applied toSAT algorithms, and develop a new variation of sear
hrestarts, referred to as informed restarts, where thesear
h is restarted as a fun
tion of previously identi�edba
ktra
k sear
h 
on
i
ts; hen
e an informed restartmay not ne
essarily imply the 
omplete elimination ofthe sear
h tree. Finally, experimental results provideempiri
al eviden
e that randomized ba
ktra
king 
anbe a 
ompetitive te
hnique in solving hard real-worldinstan
es of SAT.1 Introdu
tionBa
ktra
k sear
h algorithms for Propositional Sat-is�ability (SAT) have seen signi�
ant improvements inre
ent years [2, 7, 12, 10, 13, 18℄. These improvementsresult from new sear
h pruning te
hniques as well asnew strategies for how to organize the sear
h. Ef-fe
tive sear
h pruning te
hniques in
lude, among oth-ers, 
lause re
ording and non-
hronologi
al ba
ktra
k-ing [2, 10, 12℄, whereas re
ent e�e
tive strategies in-
lude restarts [7℄ and (very re
ently) randomized ba
k-tra
king [13℄.Intrinsi
 to several of these improvements is ran-domization. Randomization has found appli
ation indi�erent SAT algorithms, that in
lude lo
al sear
hand ba
ktra
k sear
h algorithms [11, 2℄. In ba
k-tra
k sear
h, 
urrent state-of-the-art SAT solvers ex-tensively resort to randomization, most often for se-le
ting variable assignments but (and as a result) alsowithin sear
h restart strategies. Moreover, the re
entwork by S. Prestwi
h [13℄ (though pre
eeded by the

work of others [6, 14℄) has motivated the utilization ofrandomly pi
ked ba
ktra
k points in SAT algorithms.1.1 Obje
tivesThis paper has four main obje
tives. First, to pro-pose the utilization of random ba
ktra
king in ba
k-tra
k sear
h SAT algorithms. Se
ond, to introdu
e themore general form of unrestri
ted ba
ktra
king wherethe ba
ktra
king point 
an be 
hosen arbitraly, e.g.randomly or based on heuristi
s. Third, to establishthe relationship between a form of restart strategy anda spe
i�
 form of unrestri
ted ba
ktra
king. Fourth,and �nally, to provide empiri
al eviden
e that ran-dom ba
ktra
king 
an lead to signi�
ant savings inthe amount of sear
h e�ort.1.2 Related WorkThe proposed randomized ba
ktra
king sear
hstrategy has mu
h in 
ommon with Ginsberg work ondynami
 ba
ktra
king [5℄. Dynami
 ba
ktra
king es-tablishes a method by whi
h ba
ktra
k points 
an bemoved deeper in the sear
h tree. This allows avoid-ing the unneeded erasing of the amount of sear
h thathas been done thus far. The target is to �nd a wayto "erase" the value given to a variable dire
tly as op-posed to ba
ktra
king to it. In pra
ti
e, one 
an retainthe values sele
ted for variables that are ba
kjumpedover, in some sense moving the ba
kjump variable tothe end of the partial solution in order to repla
e itsvalue without modifying the values of the variablesthat followed it. Note that this 
an be done not onlywith the last assigned variable, but also with any othervariable involved in the 
on
i
t. We simply reorderthe variables that have been assigned values in thesear
h thus far.Interestingly, most of the implementations thatlater in
orporated these ideas have used methods notbased on ba
ktra
king. For example, later Gins-berg and M
Allester 
ombined GSAT and dynami
ba
ktra
king in an algorithm whi
h enables arbitrarysear
h movement [6℄, starting with any 
omplete as-signment and evolving by 
ipping values of vari-ables obtained from the 
on
i
ts. Similarly, Ri
hards1



and Ri
hards implemented another algorithm, learn-SAT [14℄, that starts from a any 
onsistent partial la-beling to the variables. In learn-SAT there is no no-tion of important early 
hoi
es, sin
e there is no ba
k-tra
king. Here, learning is in
orporated by re
ord-ing the 
auses of the 
on
i
ts. Moreover, CLS, re-
ently proposed by Prestwi
h [13℄ involves random-izing the ba
ktra
king 
omponent by allowing ba
k-tra
king to o

ur on arbitrarily-
hosen variables. InCLS the sear
h algorithm starts with an empty as-signment.1.3 Organization of the PaperThe remainder of this paper is organized as follows.Se
tion 2 presents de�nitions used throughout the pa-per. Afterwards, Se
tion 3 brie
y surveys SAT algo-rithms and the utilization of randomization in SAT.Next, in Se
tion 4 we des
ribe randomized ba
ktra
k-ing and its appli
ation in 
omplete ba
ktra
k sear
hSAT algorithms. As a natural generalization, Se
-tion 5 introdu
es unrestri
ted ba
tra
king and estab-lishes the relationship between unrestri
ted ba
ktra
k-ing and restarts. Preliminary experimental results arepresented and analyzed in Se
tion 6, and the paper
on
ludes in Se
tion 7.2 De�nitionsThis se
tion introdu
es the notational frameworkused throughout the paper. Propositional variablesare denoted x1; : : : ; xn, and 
an be assigned truth val-ues 0 (or F ) or 1 (or T ). The truth value assigned toa variable x is denoted by �(x). A literal l is either avariable xi or its negation :xi. A 
lause ! is a disjun
-tion of literals and a CNF formula ' is a 
onjun
tionof 
lauses. A 
lause is said to be satis�ed if at leastone of its literals assumes value 1, unsatis�ed if all ofits literals assume value 0, unit if all but one literalassume value 0, and unresolved otherwise. Literalswith no assigned truth value are said to be free liter-als. A formula is said to be satis�ed is all its 
lausesare satis�ed, and is unsatis�ed if at least one 
lauseis unsatis�ed. The SAT problem is to de
ide whetherthere exists a truth assignment to the variables su
hthat the formula be
omes satis�ed.It will often be simpler to refer to 
lauses as sets ofliterals, and to the CNF formula as a set of 
lauses.Hen
e, the notation l 2 ! indi
ates that a literal l isone of the literals of 
lause !, whereas the notation! 2 ' indi
ates that 
lause ! is one of the 
lauses ofCNF formula '.In the following se
tions we shall address ba
k-tra
k sear
h algorithms for SAT. Most if not all ba
k-tra
k sear
h SAT algorithms apply extensively the

unit 
lause rule [4℄. If a 
lause is unit, then the solefree literal must be assigned value 1 for the formulato be satis�able. The iterated appli
ation of the unit
lause rule is often referred to as Boolean ConstraintPropagation (BCP) [17℄. For implementing some ofthe te
hniques 
ommon to some of the most 
ompeti-tive ba
ktra
k sear
h algorithms for SAT, it is ne
es-sary to properly explain the truth assignments to thepropositional variables that are implied by the 
lausesof the CNF formula. For example, let x = vx be atruth assignment implied by applying the unit 
lauserule to a unit 
lause 
lause !. Then the explanationfor this assignment is the set of assignments asso
iatedwith the remaining literals of !, whi
h are assignedvalue 0.Let ! = (x1_:x2_x3) be a 
lause of a CNF formula', and assume the truth assignments fx1 = 0; x3 = 0g.Then, for the 
lause to be satis�ed we must ne
essarilyhave x2 = 0. We say that the implied assignmentx2 = 0 has the explanation fx1 = 0; x3 = 0g. A moreformal des
ription of explanations for implied variableassignments, as well as a des
ription of me
hanisms fortheir identi�
ation, 
an be found for example in [10℄.3 SAT AlgorithmsOver the years a large number of algorithms havebeen proposed for SAT, from the original Davis-Putnam pro
edure [4℄, to re
ent ba
ktra
k sear
h al-gorithms [2, 10, 18, 12℄, to lo
al sear
h algorithms [15℄,among many others.SAT algorithms 
an be 
hara
terized as 
ompleteand as in
omplete. Complete algorithms 
an establishunsatis�ability if given enough CPU time; in
ompletealgorithms 
annot. In a sear
h 
ontext 
omplete algo-rithms are often referred to as systemati
, whereas in-
omplete algorithms are referred to as non-systemati
.Among the di�erent algorithms, we believe ba
k-tra
k sear
h to be the most robust approa
h for solv-ing hard, stru
tured, real-world instan
es of SAT. Thisbelief has been amply supported by extensive experi-mental eviden
e obtained in re
ent years [1, 10, 12℄.3.1 Ba
ktra
k Sear
h SAT AlgorithmsThe vast majority of ba
ktra
k sear
h SAT algo-rithms build upon the original ba
ktra
k sear
h algo-rithm of Davis, Logemann and Loveland [3℄. Re
entstate-of-the-art ba
ktra
k sear
h SAT solvers [2, 10,18, 12℄ utilize sophisti
ated variable sele
tion heuris-ti
s, fast Boolean Constraint Propagation pro
edures,and in
orporate te
hniques for diagnosing 
on
i
t-ing 
onditions, thus being able to ba
ktra
k non-
hronologi
ally and re
ord 
lauses that explain andprevent identi�ed 
on
i
ting 
onditions.



3.2 Applying RandomizationThe utilization of di�erent forms of randomizationin SAT algorithms has seen in
reasing a

eptan
e inre
ent years.Randomization is essential in many lo
al sear
h al-gorithms [15℄. Most lo
al sear
h algorithms repeat-edly restart the (lo
al) sear
h by randomly generating
omplete assignments. Moreover, randomization 
analso be used for de
iding among di�erent (lo
al) sear
hstrategies [11℄.Randomization has also su

essfully been in
ludedin variable sele
tion heuristi
s of ba
ktra
k sear
h al-gorithms [2℄. Variable sele
tion heuristi
s, by beinggreedy in nature, are unlikely but unavoidably boundto sele
t the wrong variable at the wrong time forthe wrong instan
e. The utilization of randomizationhelps redu
ing the probability of seeing this happen-ing.Although intimately related with randomizing vari-able sele
tion heuristi
s, randomization is also a keyaspe
t of restart strategies [7℄. Randomization en-sures that di�erent sub-trees are sear
hed ea
h timethe sear
h algorithm is restarted.Finally, randomization has also been used in theba
ktra
k step of in
omplete ba
ktra
k sear
h algo-rithms. In CLS [13℄, the ba
ktra
king variable is ran-domly pi
ked ea
h time a 
on
i
t is identi�ed. Bynot always ba
ktra
king to the most re
ent untoggledde
ision variable, the CLS algorithm is able to oftenavoid the 
hara
teristi
 trashing of ba
ktra
k sear
halgorithms. We should note, however, that the CLSalgorithm is not 
omplete and so 
annot establish un-satis�ability.Current state-of-the-art SAT solvers already in-
orporate some of the above forms of randomiza-tion [1, 12℄. In these SAT solvers variable sele
tionheuristi
s are randomized and restart strategies areutilized.4 Randomized Ba
ktra
kingThis se
tion des
ribes di�erent approa
hes for im-plementing randomized ba
ktra
king. One invariantof all these approa
hes is that for ea
h identi�ed 
on-
i
t a new 
lause is re
orded and never deleted. This isan essential aspe
t, sin
e it guarantees the 
omplete-ness of the resulting algorithm, as will be argued inse
tion 4.3.4.1 Generi
 Pro
edureThe generi
 randomized ba
ktra
king pro
edure isoutlined in Figure 1. After a 
on
i
t (i.e. an unsatis-�ed 
lause !C) is identi�ed, a 
on
i
t 
lause ! is 
re-

RANDOM BACKTRACKING(!
)f ! = Re
ord 
lause(!
);Randomly pi
k de
ision assignment variable vxin !;Toggle (vx) with explanation !;g Figure 1: Randomized Ba
ktra
kingated. The 
on
i
t 
lause is then used for randomly de-
iding whi
h de
ision assignment variable is to be tog-gled. This 
ontrasts with the usual non-
hronologi
alba
ktra
king approa
h, in whi
h the most re
ent de-
ision assignment variable is sele
ted as the ba
ktra
kpoint.Moreover, there exists some freedom on how theba
ktra
k step to the target de
ision assignment vari-able is performed. Hen
e, the a
tual randomized ba
k-tra
king pro
edure 
an be organized in several di�er-ent ways:� One 
an non-destru
tively toggle the target de
i-sion assignment, meaning that all other de
isionassignments are una�e
ted.� One 
an destru
tively toggle the target de
isionassignment, meaning that all of the more re
entde
ision assignments are erased.� One 
an de
ide not to apply randomized ba
k-tra
king after every 
on
i
t but instead only on
eafter every K 
on
i
ts.In the following sub-se
tion we address these issues.Finally, we argue that independently of how random-ized ba
ktra
king is organized, the resulting algorithmstill is 
omplete.4.2 Implementing Random Ba
ktra
k-ingAfter (randomly) sele
ting a ba
ktra
k point, thea
tual ba
ktra
k step 
an be organized in two di�erentways. The ba
ktra
k step 
an be destru
tive, meaningthat the sear
h tree is erased from the ba
ktra
k pointdown. In 
ontrast, the ba
ktra
k step 
an be non-destru
tive, meaning that the sear
h tree is not erased;only the ba
ktra
k point results in a variable assign-ment being toggled. The two randomized ba
ktra
k-ing approa
hes di�er. Destru
tive random ba
ktra
k-ing is more drasti
 and attempts to rapidly 
ause thesear
h to explore other portions of the sear
h spa
e.



Non-destru
tive random ba
ktra
king has 
hara
ter-isti
s of lo
al sear
h, in whi
h the 
urrent (partial)assignment is only lo
ally modi�ed.Either destru
tive or non-destru
tive random ba
k-tra
king 
an lead to potentially unstable algorithms,sin
e there is no lo
ality in how ba
ktra
king is per-formed. This unstability may be a serious drawba
kwhen trying to prove unsatis�ability. As a result, wepropose to only applying random ba
ktra
king afterevery K 
on
i
ts; in between non-
hronologi
al ba
k-tra
king is applied. We should note that the value ofK is user-de�ned.In a situation where K 6= 1, the appli
ation of ran-dom ba
ktra
king 
an either 
onsider the most re
entre
orded 
lause or, instead, 
onsider a target set thatresults from the union of the re
orded 
on
i
t 
lausesin the most re
ent K 
on
i
ts. The �rst solution is
hara
terized by having no memory of past 
on
i
ts,whereas the se
ond solution 
onsiders equally all iden-ti�ed 
on
i
ts.4.3 Completeness IssuesThroughout the presentation of randomized ba
k-tra
king the notion of 
lause (nogood) re
ording hasbeen impli
it. Ea
h time a 
on
i
t is identi�ed a
lause is re
orded that explains the 
on
i
t and pre-vents the same 
on
i
t from o

urring again duringthe sear
h. Most state-of-the-art SAT algorithms im-plement 
lause re
ording te
hniques, but of these mostalso eventually delete some of the (larger) re
orded
lauses. Clauses get deleted opportunisti
ally when-ever they are no longer relevant for the 
urrent sear
hpath [10℄.In 
urrent state-of-the-art SAT solvers, even theones implementing non-
hronologi
ally ba
ktra
kingand 
lause re
ording with opportunisti
 
lause dele-tion, the algorithms are guaranteeed to be 
omplete,be
ause there is always an explanation for why a so-lution 
annot be found in the portion of the sear
hspa
e already sear
hed. With randomized ba
ktra
k-ing this is not ne
essarily the 
ase; 
lause deletion may
ause already visited portions of the sear
h spa
e to besear
hed again. A simple solution to this problem isto prevent deletion of re
orded 
lauses. Consequently,with randomized ba
ktra
king large re
orded 
lausesare never deleted. (We should note however thatsubsumption 
an be used to delete re
orded 
lauses.)Sin
e 
lauses are not deleted and ea
h 
lause explainsa 
on
i
t, no 
on
i
t is ever repeated and the algo-rithm is guaranteed to be 
omplete.The requirement to keep all re
orded 
lauses hasbeen previously stated by others [5, 14℄. This require-ment leads to a worst-
ase exponential growth of num-ber of re
orded 
lauses. However, as will be empiri-


ally shown in Se
tion 6, this tends not to be the 
ase(or even a problem) with real-world instan
es of SAT.
5 Unrestri
ted Ba
ktra
kingand RestartsRandomized ba
ktra
king 
an be interpreted as aspe
ial 
ase of a more general form of ba
ktra
king:unrestri
ted ba
ktra
king. If instead of randomly pi
k-ing the ba
ktra
k point from the identi�ed 
on
i
t set,a heuristi
 or pre-de�ned pro
edure is used, then theresulting algorithm is still 
omplete, and the ba
ktra
kpoint (though non-
hronologi
al) will most likely bedi�erent from the most re
ent de
ision assignment inthe 
on
i
t set. Clearly, and similarly to randomizedba
ktra
king, unrestri
ted ba
ktra
king may also onlybe applied after every K 
on
i
ts, and it 
an either bedestru
tive or non-destru
tive.Interestingly, sear
h restart strategies [7℄ 
an be re-lated with unrestri
ted ba
ktra
king. Let us supposean algorithm for whi
h unrestri
ted ba
ktra
king isapplied after everyK 
on
i
ts, and for whi
h the ba
k-tra
king step is destru
tive. Clearly, after K 
on
i
tsa set of dependen
ies has been 
onstru
ted that 
on-tains all de
ision assignments that were deemed re-sponsible for all identi�ed K 
on
i
ts. Let C denotethis set of de
ision assignments, and let D be the 
ur-rent set of all de
ision assignments.We 
an 
on
eptually reorganize the sear
h tree insu
h a way that the de
ision assignments in D�C pre-
ede the ones in C. Clearly, with this rearrangement,there is no point in ba
ktra
king to any of the de
i-sion assignments in D�C, sin
e none of these de
isionassignments 
ontributed to the identi�ed K 
on
i
ts.As a result, if our purpose is to restart the sear
h froma point not related with previously identi�ed 
on
i
ts(i.e. a new sear
h path unrelated with previous 
on-
i
ts), then it 
ertainly suÆ
es to ba
ktra
k to themost re
ent de
ision assignment in set D � C, keepall other de
ision assignments in set D�C, and erasethe ones in C. We refer to this form of restarting thesear
h as informed restarts, sin
e only the de
ision as-signments that are asso
iated with identi�ed 
on
i
tsare dis
arded. Consequently, informed restarts arede�ned as the appli
ation of destru
tive unrestri
tedba
ktra
king, after every K 
on
i
ts, when the sear
htree is logi
ally organized in sets D � C and C andthe ba
ktra
k point is pi
ked to be the most re
entde
ision assignment in set D � C.



Inst u
s
-bf u
s
-ssaSolver Time Nodes Time NodesSatz 1775 601130 1124 262158Relsat 38 79230 33 79436Grasp 58 33397 13 14233Cha� 6 21809 2 14284Table 1: Results for the UCSC instan
esInst u
s
-bf u
s
-ssaQuest 0.5 Time Nodes Time NodesRst100 61 38915 13 13962RB1 87 27169 27 14746RB10 63 36625 15 13919Rst100+RB1 88 27698 27 15048Rst100+RB10 64 37415 15 14213Table 2: Results for the UCSC instan
es6 Experimental ResultsThis se
tion presents and analyzes preliminary ex-perimental results of the te
hniques proposed in thispaper. A new SAT solver, Quest0.5, was implemented.Quest0.5 is built on top of the GRASP SAT solver [10℄,but in
orporates restarts as well as random ba
ktra
k-ing. In order to 
ompare the proposed te
hniqueswe also in
lude results for a few state-of-the-art SATsolvers, namely satz [9℄, relsat [2℄, GRASP [10℄ andCha� [12℄. For all the experimental results presentedin this se
tion a PIII �866MHz Linux ma
hine with512MByte of RAM was used. The CPU time limit forea
h instan
e was set to 200 se
onds.As mentioned above, Quest0.5 implements bothrestarts and random ba
ktra
king. With respe
t torandom ba
ktra
king, the results presented in this se
-tion assume ba
tra
king is non-destru
tive, and thatrandom ba
ktra
king is applied after every M ba
k-tra
ks. For Quest0.5 we 
hose to use the number ofba
ktra
ks instead of the number of 
on
i
ts to de
idewhen to apply random ba
ktra
king. This results fromhow the sear
h algorithm in the original Grasp 
odeis organized. Moreover, for the experimental resultsshown below, RB1 indi
ates that random ba
ktra
k-ing is taken on every ba
ktra
k step, RB10 indi
atesthat random ba
ktra
king is taken every 10 ba
ktra
ksand Rst100 indi
ates that a sear
h restart is taken ev-ery 100 ba
ktra
ks.We start by in
luding results for the UCSC probleminstan
es, available as part of the DIMACS suite [8℄.These instan
es are organized in two sets, the bf andthe ssa problems instan
es. The number of bf in-stan
es is 223, of whi
h 17 are satis�able and 206 areunsatis�able. The number of ssa instan
es is 102, ofwhi
h 80 are satis�able and 22 are unsatis�able.The results are shown in Tables 1 and 2. In ea
h ta-ble, Time denotes the CPU time and Nodes the num-

Inst sss1.0a sss1.0 sat sss2.0Solver Time Nodes X Time Nodes X Time Nodes XSatz 1800 | 9 7826 | 39 15115 | 75Relsat 1477 | 7 8000 | 40 12889 | 48Grasp 1603 257126 8 2242 562178 11 13298 3602026 65Cha� 20 73834 0 27 107020 0 84 228349 0Table 3: Results for the SSS instan
esInst sss1.0a sss1.0 sat sss2.0Quest 0.5 Time Nodes X Time Nodes X Time Nodes XRst100 178 42545 0 352 95445 0 906 296637 1RB1 128 12889 0 343 30568 0 609 39696 0RB10 117 25432 0 346 79563 0 632 122170 1Rst100+RB1 81 11578 0 146 23263 0 392 38337 0Rst100+RB10 43 15930 0 97 37482 0 292 90569 0Table 4: Results for the SSS instan
esber of de
ision nodes. As 
an be observed, the uti-lization of restarts or randomized ba
ktra
king is notparti
ularly useful, but also does not negatively a�e
tthe results when 
ompared to Grasp. Observe thatCha�, a highly optimized SAT solver, performs ex-tremely well in these problems instan
es, even thoughthe amount of sear
h is similar to both Grasp andQuest0.5. Moreover, satz performs signi�
antly worsethan the other algorithms and aborts some instan
es(7 for the bf set, and 6 for the ssa set).The main obje
tive of the te
hniques proposed inthis paper is to be e�e
tive in solving hard real-worldproblem instan
es. Re
ent examples of su
h instan
esare the supers
alar pro
essor veri�
ation problem in-stan
es developed by M. Velev [16℄. We 
onsider threesets of instan
es, the �rst (sss1.0a) with 9 satis�ableinstan
es, the se
ond (sss1.0.sat) with 40 satis�ableinstan
es, and the third (sss2.0) with 100 satis�ableinstan
es. Tables 3 and 4 in
lude results for theseproblem instan
es. Table 3 in
ludes the results forsatz, relsat, Grasp and Cha�, and Table 4 in
ludesthe results for the new SAT solver Quest0.5. Besidesthe Time and Nodes de�ned earlier, X denotes thenumber of aborted problem instan
es. Besides Cha�and Quest0.5, the other three algoritms are 
learly in-adequate for solving the SSS problem instan
es, in all
ases always aborting on a large number of probleminstan
es. In terms of CPU times Cha� is faster thanQuest0.5 again due to its highly optimized implemen-tation. However, and in 
ontrast, all organizations ofQuest0.5 in general require signi�
antly less de
isionnodes than Cha�. This holds true either when usingrestarts, random ba
ktra
king or both.The results for Quest0.5 reveal interesting trends.Clearly, random ba
ktra
king allows signi�
ant redu
-tions in the number of de
ision nodes. The best re-sults are always obtained when random ba
ktra
kingis used together with restarts. Due to how random



ba
ktra
king is implemented in Quest0.5 1, the best
on�guration in terms of the amount of sear
h is notthe best 
on�guration in terms of CPU time.7 Con
lusionsIn this paper we explore some ideas related with theintrodu
tion of randomization in solving the satis�a-bility problem. We explain randomized ba
ktra
king,whi
h randomly 
hooses the point to ba
ktra
k to,and introdu
e the notion of unrestri
ted ba
ktra
k-ing. Moreover, we relate unrestri
ted ba
ktra
kingwith restart strategies. Preliminary experimental re-sults 
learly indi
ate that signi�
ant savings in sear
he�ort 
an be obtained by using random ba
ktra
king.Other variations to the randomized ba
ktra
king
an be 
onsidered. In randomized ba
ktra
king thealgorithm randomly 
hooses the point to ba
ktra
k tobased on the variables involved in the diagnosed 
on-
i
t. Even keeping randomization asso
iated with this
hoi
e, other aspe
ts 
an be taken into a

ount. A nat-ural evolution is to 
onsider heuristi
 approa
hes onhow to sele
t the ba
ktra
k point. In addition, a moreextended experimental evaluation and 
ategorizationof the proposed te
hniques should be 
arried out.Referen
es[1℄ L. Baptista and J. Marques-Silva. Using randomizationand learning to solve hard real-world instan
es of satis�a-bility. In Pro
eedings of the International Conferen
e onPrin
iples and Pra
ti
e of Constraint Programming, 2000.[2℄ R. Bayardo Jr. and R. S
hrag. Using CSP look-ba
k te
h-niques to solve real-world SAT instan
es. In Pro
eedingsof the National Conferen
e on Arti�
ial Intelligen
e, pages203{208, 1997.[3℄ M. Davis, G. Logemann, and D. Loveland. A ma
hineprogram for theorem-proving. Communi
ations of the As-so
iation for Computing Ma
hinery, 5:394{397, July 1962.[4℄ M. Davis and H. Putnam. A 
omputing pro
edure forquanti�
ation theory. Journal of the Asso
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