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Abstract use of pepiocessing orlaxation techniqgues. Common to

This paper imtduces GRASPe(®@ric seaRclyakithm all these appaches, heewer, is the clonological nater of
for the &tisfability Roblem), an integed algorithmiafne- backtracking. Blettheless, non-chinological backtracking
wok for SA that uniles sewl peviously pposed sefar techniques havbeen extensly studied and applied to dif-
pruning techniques and facilitates idafitik of additional ferent aeas of Aibcial htelligence, p#cularly Truth
ones. GRASP isrmised on the inevitability ofictn@uring MaintenanceyStemsTMS), Constraint &isfaction Rb-
seash and its most distinguishing éemttine augmentation of |ems (CSP) andutomated Rduction, in some cases with
basic bacldrking ser with a peerful confgt analysis @r very promising experimentaesults. (Bliographic efer-
cedue. Aalyzing coidls to deteine their causes enables gnces to the woin these @as can be found([it5].)
SeRaé\hStzeto&?ﬁ?&?ﬁ;ﬁﬁgﬂ%@%ﬁéoomele:;;,'sgg Interest in the dect application of SAalgorithms to

' 4 " electonic design automation (EDA)optems has been on

In addition, ¥ @cating the causes ofictGRASP can ) .. .
recognizand mrempt the ocarce of similar can@later on e rise écently 2, 10, 17). In addition, impovements to

in the seah. fnally staightfoward bookkeeping of the causal- the traditional serctural (path sensitization) algorithms for
ity chains leading up to @deRallvs GRASP to identify Some EDA mblems, such a3RG, include seel-puning

assignments that aecesgdor a solution to be foungefi- techniques thatealso applicable toTS&lgorithms in gen-
mental esults obtainearfr a large number of bendtsnar eral B, 9, 13]. The main purpose of this paper is toomntr
including manydm the &ld of test pattegenaition, indi- duce a prcedue for the analysis of cictB in seah

cate that application of th@ppsed coaf3analysis techniques algorithms for SA Bven though the coi analysis pce-
to SA algorithms can be extely effectifor a large number  qyre is described in the context o, Sfican be naturally
of epesentatvclasses of ¥stances. extended to EDA-specifalgorithms, thus complementing
1 Introduction other vell-knavn seazh-puning tec_hnique§{9].
The poposed con@ analysis pcedue has been

The Boolean satwalility poblem (SA) appears in incorporated in GRASR¢neric seaRcHgarithm for the
many contexts in theeld of computer-aided design of inte- Satiskability Problen), an integrated algorithmic frasmak
grated ciruits including automatic test pattern generation for SAT. Seweral featws distinguish the cdof3analysis pr
(ATPG), timing analysis, delay fault testing, and legie v cedue in GRASP &m others used iMSs and CSR
cation, to name just awfeThough vell-reseahed and First, confEct analysis in GRASP is tightly coupled with BCP
widely inestigated, itemains the focus of continuing inter- and the causes of c@if need not necessarilyespond to

est because eint techniques for its solution carelgeat decision assignmentgcé&nd, clauses can be added to the
impact. SA belongs to the class of NP-completdlpms original set of clauses, and the number amdfiadded
whose algorithmic solutiong aurently beliesd to hae clauses is user-cafiged. This is in explicit contrast with

exponential worst case compldgityOver the gars, many  nogood ecoding techniques defoped fofMSs and CS®?
algorithmic solutions hewbeen mposed for SA the most Third, GRASP empys techniques to yome the seahn by

well knavn being the diffent \ariations of the 8vis-it- analyzing the implicatiostuctue generated yb BCP
nam pocedue [3]. The best knen \ersion of this pce- Exploiting the &hatom@ of corits in this manner has no
dure is based on a backtrackingckealgorithm that, at  equialent in other aas.

each node in the selatree, elects an assignment andgw Some of the mposed techniques kaiso been applied
subsequent sehrly iteratiely applying thanit clausand in seeral stuctural APG algorithmsg, 16], among others.
the pure liteal rules[18]. Iterated application of the unit The GRASP framdik, havewer, permits a unigd epe-
clause ule is commonlyefered to asBoolean Coresint sentation of all krven searth-puning methods and potenti-
Propagatio(BCP) or aderiation of implicatiois the elec- ates the ident#fation of additional one$he basic SA
tronic CAD literatue[1]. algorithm in GRASP is also customizable to taketade

Most of the ecently pposed immvements to the of application-spedkcharacteristics to aclkieadditional
basic @vis-Atnam pocedue [, 10, 17, 18] can be distin- effeiencie$l3]. Fnally the frameork is organizd to allev
guished based on their decision making heuristics or thegasy adaptation of other algorithmic techniques, such as



those in 2, 9], whose operation istleogonal to those
described her

The emainder of this paper is orgediin four sec-
tions. h Section 2 we introduce the basics of backtracking
seath, paticularly our implementation of BGId describe
the averall achitectue of GRASHhis is folleved, inSec-
tion 3, by a detailed discussion of thecpdues for conit
analysis and tothey ag implemented. ¥ensie experi-
mental esults on a wide range of benchksjancluding
many fom the kld of APG, ae pesented and anadgzin
Section 4 In paticulat GRASP is sk to outpefiorm two
recent state-of-theteBAI algorithms%, 17] on most, but
not all, benchmés.The paper concludes$action 5with
some suggestions fottlier eseanh.

2 Delmnitions

2.1 Basic elitions and Mtation

A conjunctie normal form (CNF) formula onn
binaly \ariables;, ¥, X, is the conjunction (AND) ah
clausew/,, ¥4, w - each of which is the disjunction (OR) of
one or moe literals, whera literal is the occence of a
variable or its complement. A formpladenotes a unique
n-variable Boolean functioi(x,, %2, X,) and each of its
clauses casponds to an implicatefo€Clearlya functiorf
can beepesentedyomany equalent CNF formulas. A for-
mula is complete if it consists of the ergiet of prime
implicates for the c@sponding functionnigeneral, a com-
plete formula will haan exponential number of clauses.
We will iefer to a CNF formula aslause databaaad use
Gormula,0 OCNF formula,0 addu€e datab&kenter-
changeahlyrhe satissbility poblem (SA) is concerned
with Pnding an assignment to the arguments of
f(xy, %2, X,) that makes the function equal to 1 aving
that the function is equal to the constant 0.

A backtracking seér algorithm for SR is imple-
mented lp aseach pocesthat implicitly traerses the space
of 2" possible bingrassignments to theoptem wariables.
During the seah, a ariable whose binyavalue has aady
been determined is consatkto beassignethewvise it is
unassignewith an implicit ®lue ofX° {0, 1} . A truth
assignmeror a formulg is a set of assignediables and
their coresponding bingralues. tlwill be congnient to
repesent such assignments as sasaifle/alue pairs; for
exampleA = { (x;,0), (X;,1), (x;3 0)}. Alternatiely
assignments can be denoted
A= {x =0,x,=1x5=0}. Smetimes it is coav
nient to indicate that axiablex is assigned without specify-
ing its actualatue. h such casesgwvill use the notation
n(x) to denote the bingnalue assigned xo An assign-
mentA is complete ifA| = n; othewise it is paial. B/alu-
ating a formul@ for a gien tuth assignmem yields thee
possible outcomejs;A = 1 and ve say thaj is satiséd

and efer toA as asatisfying assignrr’ce'mA = 0 in which
casg is unsatistd andA is efered to as annsatisfying
assignmen@andj |, = X indicating that theatue ofj
cannot beasoled ly the assignmenithis last case can only
happen wheA is a pdral assignment. An assignmenti-par
tions the clauses jofinto three sets: satexbclauses @u-
ating to 1); unsatisd clauses @uating to 0); and
unresoled clauses @uating toX). The unassigned literals
of a clause arefered to as itBee literalsA clause is said to
beunit if the number of itsée literals is one.

2.2 Formula Stiskability

Formula satisbility is concerned with determining if a
given formulgj is satisitble and with identifying a satisfy-
ing assignment for ittefding from an empty trith assign-
ment, a backtrack selaralgorithm traarses the space of
truth assignments implicitly and orgasithe seeir for a
satisfying assignment taintaining alecision #e Each
node in the decisione specés an electvassignment to
an unassignedaniable; such assignments refered to as
decision assignmemtglecision l@tis associated with each
decision assignment to denote its depth in the decison tr
the st decision assignment at thet of the tee is at deci-
sion leel 1.The seah pocess iterates dlugh the steps of:

1. Extending the cuent assignmentybmaking a decision
assignment to an unassigradbleThisdecision mcess

is the basic mechanism for exploring mgions of the
seath spaceThe seah terminates successfully if all
clauses become saisbit terminates unsuccessfully if
some clausesemain unsatiged and all possible
assignments habeen exhausted.

Extending the cuent assignmenyiollonving the logical
consequences of the assignments made thahefar
additional assignments dedvy thisdeduction mcess
are efered to agmplication assignmerts mote simply
implicationsThe deduction mrtess may also lead to the
identilcation of one or merunsatistd clauses implying
that the cuent assignment is not a satisfying assignment.
Such an occuence isafered to as @&onfct and the
associated unsatisfying assignments, calhdktting
assignments

Undoing the cuemt assignment, if it is caciig, so that
another assignment can be tfidis backtracking mrcess

is the basic mechanism fetrgating fom regions of the
seath space that do not @spond to satisfying
assignments.

2.

3.

as The decision leV at which a gan \ariablex is either elec-

tively assigned or &iloly impliedwill bedenoted ¥ d (X).
When elewant to the context, the assignment notation-intr
duced earlier may be extended to indicate the decislon lev
at which the assignment ocedtThus,x = v@d would be
read asx®ecomes equaliat decision levd.O

The aerage complexity of the aboseah piocess
depends on lodecisions, deductions, and backtracking ar



made. tlalso depends on the formula it3&lé implications
that can deried flom a gien patial assignment depend on
the set of ailable clauses. general, a formula consisting of
more clauses will enable monplications to be desiy and
will reduce the number of backtracks due toicsnkhe

Section 3

2.4 Sructure of the 8ach Rocess

The basic mechanism for deriving implicatiam &
given clause database is Boolean constraipagpation

limiting case is the complete formula that contains all primgBCP) b, 18]. Consider a formulp containing the clause

implicates. &r such a formula no cdof$ can arise since all
logical implications for a pial assignment can be dediv
This, havewer, may not lead to sher excution times since
the sie of such a formula may be exponential.

2.3 Function Stiskability

Given an initial formulaj many seah systems
attempt to augment it with additional implicates tceamsm
the deductie paver during the sedr pocessThis is usu-
ally efered to as Olearnidfi2] and can be permed
either as a ppocessing step (static learning) or during the
seach (dynamic learning)vé&n though learning as ded
in [10, 12] only yields implicates ofesi2 (i.e. non-local
implications), the concept can badily extended to impli-
cates of arbitrarsie.

Our appoach can be clasgilbas a dynamic learning

w = (x+@y) and assume = 1. For any satisfying
assignment tp , w requies thak be equal to 1, anceveay
thaty = 1 impliesx = 1 due tow. In general, gan a
unit clause(l, +% +1,) of j with free literal, consis-
tency equiesl; = 1 since thisapesents the only possibil-
ity for the clause to be satdbF I. = x, then the
assignmert = 1 is equied; ifl. = @x thenx = 0 is
requied. sich assignmentsaefered to asogical implica-
tions(implications, for shjrand corespond to the applica-
tion of the unit clausaile poposed v M. Davis and H.
Putnam [3]. BCP efers to the iterated application of this
rule to a clause database until the set of unit clauses becomes
empty or one or merclauses become unsatisp

Let the assignment of ariablex be implied due to a
clausew = (I, +% +1,). Theantecedent assignmefx,
denoted aA (x), is delhed as the set of assignmentarie v

searh mechanism based on diagnosing the causes of coables other thanwith literals inw . Intuitively A (x) desig-

Ricts. t considers the occence of a comd, which is
unawidable for an unsatate instance unless the formula
is complete, as an oppmity to Olearn dm the mistake
that led to the con®O and intduces additional implicates
to the clause database only when it stunduefct diag-
nosisproduces thae distinct pieces of information that can
help speed up the sgar

nates thoseaviable assignments that diectly esponsible
for implying the assignmentadue tow . For example, the
antecedent assignmentsxofy and z due to the clause
w = (Xx+y+3z) ae, lespectiety
A(X) = {y=0,z=1}, A(y) = {x=0,z=1}, and
A(z) = {x=0,y=0}. Note that the antecedent assign-
ment of a decisioraxiable is empty

The sequence of implications generatd®iF is cap-
red ty a diectedimplication grapH demed as follos

Each eitex in| coresponds to aaviable assignment

1. New implicates that did not exist in the clause databas?u
and that can be idendt with the occuence of the }
confict. These clauses may be added to the clause databdSg9ure I:
to awert future occumnce of the same catlRand 1.
repesent a form abnlict-based equilence€CBE). X =n(x .
2. An indication of whether the cocif3was ultimately due o

to the most eécent decision assignment or to an earlier

decision assignment.

a. If that assignment was the mastent (i.e. at the
current decision lel), the opposite assignment (if it
has not been tried) is immediately implied as a
necessgrconsequence of the ciatidne efer to this
as dailure-driven asstgon (FDA).

. If the conftt resulted m an earlier decision
assignment (at awer decision lel), the seah can
backtrack to the casponding l&l in the decision
tree since the subérooted at that le coresponds to
assignments that will yield the same icbnthe
ability to identify a backtracking déthat is much
earlier than the cunt decision leVvis a form of non-
chronological backtracking that wefer to asonfict-
directed backtrackif@DB), and has the potential of
signifzantly educing the amount of sgfar

These corifit diagnosis techniqueg aliscussed ther in

The pedecessors otex x = n(x) in | ae the
antecedent assignmefi{s) coresponding to the unit
clausew that led to the implication of The diected
edges &m the ettices inA (x) to veitexx = n(x) ae
all labeled withw. Vettices that hav no pedecessors
correspond to decision assignments.

Joecial coniBt vettices a& added td to indicate the
occurence of confts. The pedecessors of a ciohf3
vertex k corespond to ariable assignments thatéoa
clausew to become unsatist and a vieved as the
antecedent assignmehk). The diected edgesofn
the \ettices inA (k) to k are all labeled wittv .

3.

The decision leV of an impliedariablex is elated to those
of its antecedenasiables acating to:

dx) = max{dy)|(y,n(y)) T AX)}

2.5 Seach Algoithm Template
The general stcture of the GRASP sehralgorithm is

1)



Current Assignment: /I Global variables: Clause database ]

i Variable assignment A
{x9=0@1, %= 0@3, x;; = 0@3, X, = 1@2, X3 = 1@2} /I Return value: FAILURE or SUCCESS
. . . /I Auxiliary variables: Backtracking level b
Decision Assignment: Il
{x, = 1@6} GRASP()
{
W, = (DX, +X,) retum (Search (0, b) !=SUCCESS) ?
FAILURE : SUCCESS;
W, = (BX; + X5+ Xg) }
/I Input argument: Current decision level d
Wy = (DX, + DXy +X,) /I Output argument: Backtracking level b
/I Return value: CONFLICT or SUCCESS
_ "
Wy = (Bxy X5+ Xy0) Search( d, &b)
Wy = (DX, + X+ Xy,) if (Decide ( 0) == SUCCESS)
h_lretum SUCCESS;
_ while (TRUE) {
We = (DX + Dxe) if (Deduce (@) 1= CONFLICT){
if (Search( d+1, b)==SUCCESS)
Wy = (X + X, + @X,,) retum SUCCESS;
elseif b 1= dy{
_ Erase(); retum CONFLICT;
Wg = (X +Xg) }
}
Wy = (D%, + DXg + DX, 5) If (Diagnose ( d, b) == CONFLICT) {
Ease(); retum CONFLICT;
Clause Database Implication Graph Erase();

Figure 1: Clause database and partial implication graph }

}

shavn in Hgure 2 We assume that an initial clause databasiiagnose ( d, &b)

j

and an initial assignmehtat decision leV 0, ae gien.

L. . . . w, (k) = Conflict_Induced_Clause(); /I From (4)
This |n|t|alle.153|gnment, which may be epmay be viged Ugdate_CIause_Database C we(k)):
as an additional gilem constraint and causes thelséar b = Compute_Max_Level(); Il From  (7)
be estricted to a subcube of thelimensional Boolean if(b 1= dh{ ’ S
space. As the sgaipoceeds, both andA ae modiked. ?gfo:'dew C/g?k')Ct. vertex ok
The ecursie seath pocedue consists of four major opera- retum CONFLICT;
tions: }

retum SUCCESS;

1. Decide() , which chooses a decision assignment at ea¢

nose() as theDecisionDeductiorand Diagnosiengines

stage of the sehr pocess. Bcision ppcedues ag Figure 2: Description of GRASP

commonly based on heuristic Wiexlge. &1 the esults

given inSection 4 the follaving geedy heuristic is used: ~ respectely Different ealizations of these engines lead to
At each node in the decisamealuate the number diffeent SA algorithms. &r example, the dvis-Btnam
of clauses elitly satisb ly each assignment to each procedue can be emulated with the \&balgorithm ¥
variable. Choose the&able and the assignment that delning a decision enginequiring the deduction engine to
directly satisb the largest number of clauses. implement BCP and the muliteral ule, and organizing the

Other decision makingqwedues hae been incorporated  diagnosis engine to implemenbcialogical backtracking.

in GRASPas described [ih5].

. Deduce() , which implements BCP and (implicity) 3 Conf3ct Analysis Pocedues

maintains theesulting implication graph.e@15] for ] . )
the details dbeduce() .) When a conit arises during BCthe stuctue of the

. Diagnose() , which identies the causes of dimt$ implication sequence cenging on a comnf} vertex k is

and can augment the clause database with additionanalyed to determine those (unsatisfyiray)able assign-
implicates. Balization of diffent confct diagnosis  ments that ar diectly esponsible for the caaBThe con-
procedues is the subjectSdction 3 junction of these coitting assignments is an implicant that

. Erase() , which deletes the assignments at thenturr repesents a sufient condition for the coid to arise.

decision lesl.

We efer toDecide() . Deduce() and Diag- Negation of this implicant, tledoe, yields an implicate of

the Boolean functiof (whose satiability we seek) that



does not exist in the clause databa3éis nev implicate,
refered to as aonfict-induced clausprovides the primgr
mechanism for implementing faddriven asséons, non-
chronological corit-directed backtracking, and cimt3
based equalence (segection 2.3. In TMS [16] and in
some algorithms for CEFL], ®@ogood® povide conditions
similar to coni8t-induced clauses.eiéitheless, the basic
mechanism for eating coni8t-induced clauses differs.

We denote the coitting assignment associated with a ment of X; due to (5)

confict vettex k by A~(k) and the associated cimti3
induced clauseybw (k). The confcting assignment is
determined Y a backwadrtrawersal of the implication graph
stating atk . Besides the decision assignment at thenturr
decision leal, only those assignments that oedwat pevi-
ous decision lels a included inA (k) . This is justied
by the fact that the decision assignment at thentwleci-

decisior
level

antecedent assign-

(a) Conflicting implication sequence (b) Decision tree
Figure 3: Non-chronological backtracking

enables the desition of futher implications that help
prune the seah. Immediate implications of (k) include
asseing the curent decisionariable to its oppositalue
and determining a backtrackingelder the seahn pocess.

sion leel is diectly esponsible for all implied assignments at ich immediate implications do netuie thatw (k) be

that leel. Thus, along with assignmentsrimpievious lesls,
the decision assignment at theerurdecision leVis a suf-
bcient condition for the coid}. To facilitate the computa-
tion of A- (k) we patition the antecedent assignments of
k as wll as those foakiables assigned at theentrdeci-
sion leel into two sets. Latdenote eithek or a \ariable
that is assigned at the eatrdecision le¥. The patition of
A(X) is then gien ty:

LG = { (vn()) T AR)|d() <d(X}

SK) = { (¥,n) T AKX|d() = 69}
For example eferring to the implication graphFdure 1
L (xg) = {x;;,=0@3} and S(x5) = {x,=1@6}.
Determination of the coiding assignmeni (k) can
now be computed using the fallog ecursie delpition:

_1(xn(x)
(9 E[

)
2
) )

R A =&
E AC(y)} otherwise &)
T S

and staing with x = k. The confkt-induced clause cefr
sponding t@\- (k) is nav determined acating to:
[¢}

we (k) = a X"
xn(x)) 1 Ac(k)
wheke, for a binagrvariablex, xO° X andx1° @x. Applica-
tion of (2)-(4) to the confgt depicted irHgure lyields the
following confting assignment and cactdnduced clause
at decision leV6:

Ac(X)

(4)

A~ (k) = =1,X%,=0, =0, =0
c(k) = {x X9 X10 %11 = 0} )

Wc(k) = ((Zx1 +Xg+ X0t X11)

3.1 Sandad Confict Diagnosis Bgine
The identilation of a con@-induced clause. (k)

added to the clause databasgménting the clause data-
base withw (k), hoveer, has the potential of identifying
future implications that @amot derigble withoutw,. (k) .

In paticular addingw (k) to the clause database iesur
that the seah engine will notegenerate the caoling
assignment that led to the emtrconiit.

3.1.1Failure-Driven Assdions. If wg (k) inwolves the
current decisionariable, erasing the implication sequence at
the curent decision lel makesv (k) a unit clause and
causes the immediate implication of the decisi@ble to
its opposite alue.We efer to such assignments as éailur
driven asstions (FDASs) to emphasithat they arimplica-
tions of conigts and not decision assignmeffesnote fur-
ther that their deration is automatically handley bur
BCP-based deduction engine and doeseqoie special
processingrhis is in contrast with most sgmbased JA
algorithms that &at a second branch at theemtrdecision
level as another decision assignmesingJour unning
example (sdeégure 1 as an illustration,ewmnote that after
erasing the coidding implication sequence atele§, the
confict-induced clause (k) in (5) becomes a unit clause
with @, as its e literalThis immediately implies the
assignment; = 0 andx, is said to be aseer.

3.1.2Confct-Directed Bcktracking. If all the literals in

W (k) corespond to ariables that ee assigned at deci-
sion leels that alowerthan the cuent decision le¥, we

can immediately conclude that thectepiocess needs to
backtrackThis situation can only take place when the con-
fBict in question is pduced as a ditt consequence of diag-
nosing a m@vious corifdt and is illustrated iFgure 3(a) for

our woking exampleThe implication sequence generated
after asseng x;, = 0 due to conigt k leads to another
confict k¢. The confkting assignment and caetdnduced
clause associated with this nenfict ae easily determined



to be additional @erhead.
One solution to the second drawback is a simple-modip

Ac(k® = {xg=0,%7=0,%,=0X%,=1x,=1} cation to the cori@ diagnosis engine that guarantees the

6) worst case gwth of the clause database to be polynomial in
We (K = (Xg+ X g+ Xpq + DXy 5+ DX, 5) the number of ariablesThe main idea is to be selexiiv
and clearly shothat the assignments that led to this second!® choice of clauses to add to the clause database. Assume
confict were all made prior to the cent decision le. that we ae gien an integer paramekerConf3ct-induced

In such cases, it is easy twghat no satisfying assign- ~ clauses whosees{gumber of literals) is n@gter thak ae
ments can be found until the skgmocess backtracks to the Mmakedgreenand handled as described earjiethé stan-

highest decision khat which assignmentsAp (k9 were dad diagnosis engine. Cartinduced clauses of esiz
made. @noting thidacktrack letby b , it is simply calcu- ~ greater thark ae makedredand kept aund only while
lated accaling to: they ae unit clausesnplementation of this scherequies
a simple moditation to pocedue Erase() , which must
b = max{d(x)| (x, n(x)) 1 Ac(k9} (7 now deletead clauses with neothan one &e literal, and to
the diagnosis engine, which must attach a color tag to each
Whenb = dB1, wheed is the cuent decision ley, the confict-induced clausaVith this modilation the worst

seach piocess backtraaksonologicallyo the immediately  ¢age gwth becomes polynomial in the numberasiables
preceding decision &vWhen b<db1l, howewer the as a function of thexéd integek.

seagh pocess may backtrauin-chonologicallyy jump- Further enhancements to the deh@iagnosis engine

ing back wer seeral legls in the decisionet. t is woth involve qenerating simaer imolicates (containinavée lit-
noting that all wwth assignments thatanade after decision Inv 9 Ing smger impll ( ININGUEE I
erals)  moe caeful analysis of thewtture of the implica-

level b will force the just-identdel conft-induced clause : e, . :
wc (k9 to be unsatis. A seah engine that backtracks ton graph. &ch implicates ar associated with the
chronologically maythus, waste a sigo#nt amount of dominatorg15] of the coni&t veitex k . These dominators,
time exploring a uselesgion of the sesr space only to  refered to asinique implication poirft#lPs), can be identi-
discoer after much effbthat the egion does not contain  bed in linear time with a single &esal of the implication
any satisfying assignmentscéntrast, the GRASP sar  graph. Alditional details of the almimpovements to the
engine jumpdirectlyfrom the curent decision leV back to standadt diagnosis engine can be four{d i
decision leal b. At that point, w (k9 is used to either
derive a FDA at decision & or to calculate a weback- 4 Expeimental Results
tracking decision lel

For our example, after ocance of the second canfi In this section & pesent an experimental comparison
the backtrack decisionékis calculated,ofin (7), to be 3. of GRASP with two state-of-thé-and publicly aailable
Backtracking to decision é#8, the deduction engineecr  SAT programsTEGUS[17] and POSIT[5]. TEGUS was
ates a corf \ertex coresponding te/. (k¢ . Diagnosis of adapted toaad CNF formulas and augmented to continue

this confct leads to a FDA of the decisianable at ey 3 seathing when all its default optiongmvexhausted in
(sedHgure 3(b)). order to abdrfewer faults.  changesewr made to POSIT
The pseudo-code illustrating the main feataf the GRASP and POSIT haween implemented in C++,

diagnosis engine in GRASP issshin Figure 2 General wheeasTEGUS has been implemented inf@e pograms
proofs of the soundness and completeness of GRASP canWete compiled with GCC 2.7.2 andrron a SUN SRRC

found in [7, 14]. 5/85 machine with 64 MBe of RAM.The experimental
o ) ) ) ewaluation of the tlee pograms is based on two défer
3.2 Vairations on the tandad Diagnosis Egine sets of benchnia:

The standar confict diagnosis, described in thevpr ¥ The UCSC benchmigs[4], deeloped at the hiversity
ous section, suffererfr two drawbacksirgt, confct analy- of California, 8nta Guz, that include instances offSA
sis intoduces signiiant eerhead which, for some instances ~ commonly encounted in test pattern generation of
of SA, can lead to largarr times. &cond, the sizof the combinational oauits for bridging and stuck-at faults.

.|K

clause databasewgs with the number of backtracks; in the ¥ The DIMACS challenge benchik&f4], that include

worst case suctogth can be exponential in the number of ~ instances of 3Arom seeral authors andoim diffeent
variables. application aas.

The st drawback is intet to the algorithmic frame- For the experimentaésults gan bela, GRASP was

work we popose. itunately the experimentasults - conlgured to use the decision engine describ&ection

sented irBection 4clearly suggest that, for speailktances |2_.53tti)hallqv thfe ?eneratlcando;ila?ﬁes Ibased dm’: Ema t(i 20
of SA, the peformance gains far oeigh the prcedued imitthe sie of clauses added 1o he clause database 1o or

fewer literals. All SAprograms ere un with a CPU time



limit of 10,000 seconds (aboutg@rhours).

For the tables oksults the folleing delpitions apply
A benchmdr suite is paitioned into classes otlated
benchmdes. h each clasgM denotes the total number of
class memberS denotes the number of class members f
which the pogram terminated in less than thewaitb
10,000 CPU seconds; afdme denotes the total CPU
time, in seconds, taken t@pess all members of the class.

The esults obtained for the UCSC benclmshae
shavn in Tablel. The BF and SSA benchinaclasses
denote, espectily CNF formulas for bridging and stuck-at
faults. Br these benchnkar GRASP pfarms signitantly
better than the other ggrams. Both POSIT aridEGUS
abot a large number ofglem instances arehuie much
larger CPU timesThese benchmies ae characteed ly
extemely sparse CNF formulas for which BCP-based cc
Bict analysis wks paticularly vell. The peformance differ-
ence beteen GRASP antEGUS, a ety eflzient APG
tool, clearly illustrates thewss of the sean-puning tech-
niques included in GRASP

An experimental study of the effect of thetgrof the
clause database on the amount aftsead the CPU time
can be found ifil5]. In general, adding larger clauses helg
reducing the number of backtracks and the CPU Tim.
holds tue until the gerhead intsduced P the additional
clauses offsets the gaingdficing the amount of sgar

GRASP was also comgzhmwith the other algorithms
on the DIMACS benchmés [4], and the esults &

included inTablel. We can conclude that for classes oi

benchmdes whee GRASP péorms better the other @r
grams either take anyvlong time to Bd a solution or ar
unable to bd a solution in less than 10,000 secaide<an
also obsge that benchmhks on which POSIT pirms
better than GRASP can also be hangi&RASP; only the
overhead inhent to GRASP becomes appar

Another useful experiment is to meabav well con-
Bict analysis whks in practice. df this purpose statistics
regading some DIMES benchmé&s ae shavn in Table2,
whee#B denotes the number of backtra#k&B denotes
the number of non-cbnological backtrackd,Jis the si
of the largest non-amological backtrackUIP indicates
the number of unique implication points fourkdG
denotes theaviation in siz of the clause database,Tan
is the CPU time in secondsoff@ these examplesesal/
conclusions can be drawimst;the number of non-atmo-
logical backtracks can be a s@amibperentage of the total
number of backtracke@®nd, the jumps in the decisiaetr
can sa¥ a large amount of sdawok. As can be obsed,
in some cases the jumps taken potentiadiyssaiing mil-
lions of nodes in the decisioeetihird, the gowth of the
clause database is not necessarily largth, RJIPs do
occur in practice and for some bencksnar easonable
number is found gdn the number of backtrackinafy, for

Benchmark GRASP TEGUS POSIT
Class | " #S | Time | #S | Time | #S | Time
BF-0437 21| 21 47.6 19 53,8537 21 55.8
BF-1355 149 149 1257 53| 993915 64| 946,127
BF-2670 53| 53 68.3 25 295410 53 2,971
SSA-0432 7| 7 11 7] 1593 7 0.2
SSA-2670 12| 12 51.5 0| 120,000 12| 2,826
SSA-6288 3| 3 02 3 175 3 0.0
SSA-7552 80| 80 190.8 80| 3,408 80 60.0
AIM-100] 24 24 1.8 24 1079 =24 1,290
AIM-200 24 24 10.8 23] 14,059 13 117,991

BF 4] 4 72 2| 26654 2| 20,037
pusols| 13| 13 344 5| 90,333 7| 77,189
1-32| 17 17 70 17] 1231 17 6501
PRET 8| 8 1820 4| 42579 4] 40,691
ssA gl s 6.5 6 20230 8 85.3
AIM-50] 24| 24 04 24 2.2 24 0.4
n-8| 14 14 234 14 11.8 14 2.3
JNH| 50| 50 213 50 6,055 50 0.8
PAR-8 10| 10 04 10 15 10 0.1
PAR-16 10| 10| 9,844 10 9,983 10 72.1
n-16] 10 9| 10,311 10| 2696 9 10,120
H| 7| 5| 27184 4] 32942 6| 11,540

F 3] o 30000 o0 30004 0 30,000

G| 4] o 40000 o 40000 0o 40,000
PAR-32 10| 0 100,000 0 100,000 0] 100,004

Table 1. Results on the UCSC and DIMACS benchmarks

most of these examples ¢on@nalysis causes GRASP to be
much moe efleient than POSIT anEGUS. Newettheless,
either POSIT oiTEGUS can be merefleient in specib
benchmdss, as the examples of the lasetbws ofTable2
indicate. TEGUS peforms paticularly vell on these
instances because they satiséible and becaus&GUS
iterates seval decision makinggmedues.

5 Conclusions and ésearh Directions

This paper iniduces a pcedue for conitt analysis
in satisBbility algorithms and describes a gordgble algo-
rithmic fram&vork for solving SR Experimental esults
indicate that con@ analysis and itydproducts, non-clor
nological backtracking and idenéton of equadent con-
Bicting conditions, can contribute deeiivior efbiently
solving a large number of classes of instancés lafrSiis
purpose, the pposed SR algorithm is compad with
other state-of-thetaalgorithms.

The natural edlution of this esearh wok is to apply
GRASP to diffent EDA applications, in paular test pat-
tern generation, timing analysis, delay fault testing and
equinalence checking, among otherssgite being a fast
SAI algorithm, GRASP imiduces noticeablgeshead that
can become a liability for some of these applications. Conse-
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GRASP|TEGUS| POSIT

Benchmark| #B |#NCB|#LJ |#UIP| %G Time | Time | Time ing Machiney vol. 7, pp 201-215, 1960.

[4] DIMACS Challenge benchrkar in ftp://Dimacs.Rt-
aim.200.2yp 109 50 13 25 153 03§ 280 7,991 gers.EDU/pub/challenge/sat/benctksienf UCSC bench-
aim.200.2yp 74 35 16 15 100 0.31)  0.64 >10,00Q maks in /pub/challenge/sat/contributed/UCSC.
aim.200.2nf 29 200 12 5 23 013 69.93>10,000 [5] J. W. Feeman,Impiovements to répositional afiskbility
aim.200.2.np 39 20 37 4/ 44 0.19 87.53>10,00Q Seach AgorithmsPh.D. Dissetation, Depatment of Com-

bf0432-007 335 124/ 17| 32| 48 5.18 6,649 11.79 puter and mformation Science, niversity of Bnnsylania,
bf1355-07% 40 20 24 2 7| 12§ 4.83>10,000 May 1995.
bf1355-638 11 71 8] 4 1 0.32>10,00d >10,004 [6] M. R. Garey and D. S.ahnsonComputers andtiactability:

bi2670-001 16 8 22 2l 3 040>10000 2564 A Quide to th&heoy of NP-CompletendédH. Freeman and

Company1979.

dubois30 233 72| 16| 21 466 0.68 >10,000>10,00Q . N . . p .
tboIs . [7] M. L. Ginsberg, ODynami@aé&ktracking,®umal of Atibcial

duboisb@ 485 175 26| 51| 632 2.801 >10,000 >10,00Q

IntelligenceeBeah wol. 1, pp 25-46, Ailgust 1993.

dubois10p 1438 639 67| 1501034 26.24>10,000>10,000 [8] J. Graldi and M. L. Bshnell, GSch Sate Huivalence for
pret0_4¢ 147/ 98 17| 8 407 041 652.30 175.49 Redundancydentilzation andTest Gneration,0 Proceed-
preté0_6¢ 131 83 16/ 10 354 0.39 639.27 173.12 ings of theatenationallest Confencepp 184-193, 1991.
pretl50_2% 428 313 38 35 588  4.84>10,000>10,000 [9] W. Kunz and D. K. Rxddhan, GaRursie Learning: Antiac-
pretl50_7% 388 257 49 20 447 3.85>10,000>10,000 tive Alternatie to the [RcisionTree forTest Gneration in
ssa0432-003 37 6/ 5 1 31 0149 221.71 0.01 Digital Circuits,O iRroceedings of theehationallest Confer-
ssa2670-130 1300 45/ 34] 10| 17| 2.07>10,000 14.23 encepp 816-825, 1992.
ssa2670-141 3771 97| 16| 28 66| 3.49>10,000 70.82 [10] T. Larrabeeficient @neattion ofTest BRitens sing Boolean

iteal 110 19 13 o o 136] 5.99>10,000 Satiskbility Ph.D. Dissetation, Depatment of Computer

i16bd 2664 120 9 39 64 17584 694 1634 Science, t&nfod University STAN-CS-90-1302, €bualy

- 1990.
i16b1{88329 258 41] 624 132>10,009 2163 1673 [11] T. Schiex and Gleffaillie, ONgood Rcoding for $atic and
Table 2: Statistics of running GRASP  on selected benchmarks Dynamic Constraintagisfaction Rblems o iroceedings of
) o o the htenational Confence ofools with ibcial htelligence
quently besides the algorithmic organization of GRASP pp. 48-55, 1993.

cial attention must be paid to the implementation details.[12] M. H. Schulz and E.u&h, Omproved Deterministidest Rt-
One envisioned congnise is to use GRASP as the second tern Generation with pplications to Bdundancydentifza-

choice SA algorithm for the hdrinstances of $Avhen- tion, 0EEETransactions on Computer-Aidesigiyol. 8, no
eer other simplebut with lesswverhead, algorithms fail to 7, pp 811-816, Uly 1989. . .
bnd a solution in a small amount of CPU time. [13] J. P M. Siva and K. A. &kallah, ODynami@&:h-$ace

Pruning Techniques in &h @nsitization,O iRroc. |EEE/

Future eseah wok will emphase heuristic cont of ; )
ACM Design étomation Confance (D8), pp. 705-711, une

the rate of gmwth of the clause database. Anotres far 1994, n Diego, California
improving GRASP isefated with the deduction engine. ;1 ;"5\ "gva, Seach Agorithms foraBisability Roblems in
Improvements to the BCP-based deduction engiee ar CombinationalvBtching @ cuits Ph.D. Dissetation, Depat-

described if14] and consist of diffent forms of mbing ment of Hectrical Bgineering and Computer Sciencgi- U

the CNF formula for eating ne clauseslhis appoach versity of Nichigan, My 1995.

naturally adapts and extends other deductioregues, [15] J. PM. Siva and K. A. &allah, OGRASPNAeN Seach
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