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Abstract ment schemes such as famd checkingThe latter class
We report on the performance of an enhanegdion of the includes SChemeS for backju_mplng (alsownaas intelli-
“Davis-Putnam” (DP) proof procedure for propositional gent backtracking) and learning (also wmoas nogood or
satisfability (SAT) on lage instances deréd from real- constraint recording). In CSP algorithms, techniques from
world problems in planning, scheduling, and circuit diagnosis  both classes are popular; for instance, one common combi-
and synthesis. Our results shthat incorporating CSP look- nation of techniques is foawd checking, conflict-directed
back techniques -- especially the relaly nev technique of backi . d derina heuristi ferringabl
relevance-bounded learning -- renders easyyr@aoblems ackjumping, ana an oraering euristic preferriagables
which otherwise are lyend DP5 reach. Frequently thie with the smallest domains.
make DR, a systematic algorithm, perform as well or better SAT is a specific kind of CSP in whiclvery variable
than stochastic SlAalgorithms such as GSAor WSAT. We ranges wver the \alues {true, &lse}. For SAT, the most pop-

recommend that such techniques be included as options in

implementations of DFjust as the are in systematic ular systematic algorithms araniants of the Das-Putnam

algorithms for the more general constraint satision procedure (DP) [Das et al. 62]. In CSP terms, DP is equi
problem. alent to backtrack search with faavd checking and an
) ordering heuristic d&oring unit-domained ariables. Wo
Introduction effective modern implementations of it arableau [Crav-

ford and Auton 96] and POSIT [Freeman 95]; both are
highly optimized and include carefully selectedriable
ordering heuristics. Neither of these implementations (in
their published descriptions) include look-back enhance-
ments lile we describe.

Systematic, or global search algorithmsérae a search
space systematically to ensure that no part of it goes une
plored. Thg are complete: gen enough running time, if a
solution «ists thg will find it; if no solution «ists the
‘will report this. Alternatie to systematic algorithms for
SAT are stochastic, or local search algorithms such as
WSAT and GSA [Selman et al. 92]. Stochastic algorithms
explore a search space randomly by making local perturba-
tions to a werking assignment without memory of where
they have been. The are incomplete: theare not guaran-
teed to find a solution if oneists; the cannot report that
no solution gists if they do not find one.

Stochastic algorithms outperform systematic ones dra-
matically on satisfiable instances from the phase transition
region of random problem spaces, such as RandonT 3SA
[Selman et al. 92]. Instances in thigjimn are on erage
most dificult for widely differing algorithms; the have
come to be used frequently as benchmarks for 8l§o-
rithm performance. At the same time, it is widely recog-
nized that the have very different underlying structures
from SAT instances one ould expect to arise naturally in
real-world problems of interest.

Stochastic algorithms also outperform systematic algo-
rithms such asdableau on some realend problems. Se
eral SA-encoded planning problems described by Kautz
and Selman [96] are infeasible faallleau (gren 10 hours)
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While CNF propositional satisfiability (JA is a specific
kind constraint satisiction problem (CSP), until recently
there has been little application of popular CSP look-back
technigues in SA algorithms. In préious work [Bayardo
& Schrag 96] we demonstrated that a look-back-enhanced
version of the @bleau algorithm for 3SRinstances [Cna-
ford and Auton 96] can sadveasily may instances which
without look-back are “eceptionally hard” -- orders of
magnitude harder than other instances with the same sur
face characteristics. In thisovk the instances were artifi-
cially generated. Here, we demonstrate the practical utility
of CSP look-back techniques by using a look-back-
enhanced algorithm related t@ableau to sok lage SA
instances deved from real-wrld problems in planning,
scheduling, and circuit diagnosis and synthesis. Kautz and
Selman [96] had found unenhancemblBau inadequate to
solve seeral planning-devied instances and resorted to
using a stochastic algorithm, WE8Aalso knevn as Valk-
SAT) [Selman et al. 94]; our results shdhat look-back
enhancements makhis recourse unnecessary

Given the usual frameork of backtrack search for sys-
tematic solution of the finite-domained constraint sadisf
tion problem (CSP), techniques intended to impro
efficiency can be diided into two classes: look-ahead tech-
nigues, which xploit information about the remaining
search space, and look-back techniques, whiqgbloi
information about search which has alreadyetalplace.
The former class includesasable ordering heuristics,
value ordering heuristics, and dynamic consisterforce-




look-back enhancedevsion of DP is competite with
WSAT in identifying feasible plans using the same
instances. Furthermore, look-back-enhanced DRegrthe

diction, this is &ilure and backtracking is necessaiall of
its clauses ha& been simplified way, then the current
assignment satisfies the CNBELECT-BRANCH-V ARIABLE

non«istence of shorter plans in 1 to 3 minutes on instances is a heuristic function returning thextevariable to alue in

which Tableau did not sobsin 10 hours; this task is impos-
sible for WSA because of its incompleteness. The ir@o
tive work of Kautz and Selman [96] a8 “pushing the
ervelope” of feasibility for planning problems; this lays a
foundation where our look-back-enhanced DP slips in
neatly as ady component in a planning system at the state
of the art.

Definitions

A propositional logicvariable ranges wer the domain
{true false} . An assignmenis a mapping of thesealues
to variables. Aliteral is the occurrence of akiable, e.gx,
or its n@ation, e.g.-X; a positve literal x is satisfied
when the wariablex is assigned true, and agagive literal
=X is satisfied whex is assigneddise. Aclauseis a sim-
ple disjunction of literals, e.dx Oy [0-2); a clause is sat-
isfied when one or more of its literals is satisfiedurft
clausecontains ractly one wariable, and @inary clause
contains gactly two. Theempty claus€ ) signals a con-
tradiction (seen in the interpretation, “choose one or more
literals to be true from among none”). ddnjunctive nor-
mal formula (CNF) is a conjunction of clauses (e.g.
(a0b)O(xOyO=2)); a CNF is satisfied if all of its
clauses are satisfied.

For a given CNFE we represent an assignment notation-
ally as a set of literals each of which is satisfiechagood
is a partial assignment which will not satisfy aegi CNFE
The clausga Ob 0-c) encodes the nogodd-a, —b, c} .
We call such a nogood-encoding clauseason. Resolu-
tion is the operation of combining banput clauses men-
tioning a gven literal and its rgation, respectely,
deriving an implied clause which mentions all other literals
besides these. oF example, (all-b) resohes with
(bOc) to produceg(alic).

Basic Algorithm Description

The Dais-Putnam proof procedure (DP) is represented
belov in pseudo-code. As classically statedTS#\a deci-
sion problem, though frequently we also are interested in
exhibiting a satisfying truth assignmeat, which is empty
upon initial top-leel entry to the recurgg, call-by-alue
procedure DP

DP(F, o)
UNIT-PROPAGATHF, O)
if () inF then return
if F = 0O then exit-with(c)
0 — SELECT-BRANCH-VARIABLE (F)
DP(F O {(a)}, oO{a})
DP(F O{(~a)},aO{~a})
return

The CNFF and the truth assignmeant are modified in
calls by name t&NIT-PRORGATE. If F contains a contra-

the dereloping search tree. If neither truthlwe works, this
also is ailure.

UNIT-PROPAGATHF, O)
while (exists w in F wherew = (A))
0~ oO{A}
F — SIMPLIFY(F)

UNIT-PRORGATE adds the single literah from a unit
clausew to the literal set, then it simplifies the CNF by
removing ary clauses in which lambda occurs, and shorten-
ing ary clauses in whicknA occurs through resolution.

Modern \ariants of DP including POSIT andafileau
incorporate highly optimized unit propatgrs and sophisti-
cated branchariable selection heuristics. The branetmiv
able selection heuristic used by our implementation is
inspired by the heuristics of POSIT anableau, though is
someavhat simpler to reduce implementatiaurtbens.

Details of branch-ariable selection are as falls. If
there are no binary clauses, select a braaciable at ran-
dom. Otherwise, assign eacariabley appearing in some
binary clause a score afedqy) [pogy) + nedy) + pogy)
where poqy) and nedy) are the numbers of occurrences
of y and -y in all binary clauses, respeatly. Gather all
variables within 20% of the best score into a candidate set.
If there are more than 10 candidates, reenariables at
random until there arexactly 10. If there is only one candi-
date, return it as the brancariable. Otherwise, each candi-
date is re-scored as folls. For a candidatey, compute
poqy) and nedqy) as the number ofaviables alued by
UNIT-PRORGATE after making the assignmedty} and
{-y} respectrely. Should either unit propatjon lead to a
contradiction, immediately retum as the net branch wari-
able and pursue the assignment for tlgable which led
to the contradiction. Otherwise, scoyeusing the same
function as abee. Should eery candidate be scored with-
out finding a contradiction, select a branetiable at ran-
dom from those candidates within 10% of the bestine
computed) score.

Except in the cases of contradiction notedvabdhe
truth value first assigned to a brancériable is selected at
random. V& hae applied the described randomizations
only where additional heuristics were not found to substan-
tially improve performance acrossveeal instances.

Incorporating CBJ and Learning

The pseudo-codeevsion of DP abee performs nae back-
tracking mediated by the recwsifunction stackConflict
directed bakjumping(CBJ) [Prosser 93] backs up through
this abstract stack in a non-sequential manskipping
stack frames where possible forfigéng/’s sale. Its
mechanics wolve examining assignments made bwiT-
PRORGATE, not just assignments to DP braneétmiables, so

it is more complicated than the DP pseudo-codeldvrep-
resent. W& forago CBJ pseudo-code in this short paper



We implement CBJ by ang UNIT-PROPRGATE maintain
a pointer to the clause in the (unsimplified) input CNF
which seres as the reason for@uding a particular assign-
ment from consideration.oF instance, wheK -a, -b} is
part of the current assignment, the input cla@se b [ x)
is the reason forxeluding the assignmert-x} . When-
ever a contradiction is derd, we knw some wariable has
both truth alues &cluded. CBJ constructsveorking rea-
son C for this failure by resolving the tavrespectie rea-
sons; then it backs up to the most recently assigaeable
0 in C. Supposg y} was the most recent assignment of
variabley. If {-y} is excluded by a reasob, then we
create a ng working reasort by resolvingC andD and
back up to the most recently assignadable inE . Other-
wise, we installC as the reason foxeluding { y} , change
the current assignment to inclufley} , and proceed with
DP.

Extending our ®ample, suppose upon detectiraildre
we hare the complementary reas¢a b [0-x), and that
b was assigned aftea. Resolution gies us the warking
reason(a db), so CBJ backs up to where the assignment
{-b} was made. If b} is excluded, then suppose the rea-
son is(-~b Oy) . Resolution yields the meworking reason
(aOy) and CBJ keps backing up. b} is not ecluded
(b was a branch ariable), (a0b) becomes the reason
excluding { =b} , and{b} replaces{-b} in the current
assignment before DP continues.

Learning schemes maintain dexil reasons longer than
does CBJ, which can discard them as soon asdtesno
longer denoting aalue as xcluded. Unrestricted learning
records eery derved reasonactly as if it vas a clause
from the underlying instance, alling it to be used for the
remainder of the search. Because therloead of unre-
stricted learning is high, we apply only the restricted learn-
ing schemes as defined[Bayardo & Miranler 96]. Sze-
bounded learning of orderi retains indefinitely only those
derived reasons containing or fewer \ariables. Br
instance, the reasofa Ob) would be maintained by sec-
ond-order size-bounded learningit longer reasons auld
not. Relevance-bounded learning of orderi maintains an
reason that contains at masvariables whose assignments
have changed since the reasoasndenved. For example,
suppose we are performing second-order veglee-
bounded learning, and we dexi a reason(adbOy)
where ariablesa, b, andy where assigned in the order
they appear This reason wuld be maintained by second-
order releance-bounded learning as long asremains
assigned asa. As soon as is re-assigned or un-assigned
by a backup, the reasorould be discarded.

Test Suites

cuit sglnthesis instances from the 1996 Beijind $Ampe-
tition®.
TABLE 1. Kautz and Selmas’planning instances.

instance vars clauses | sat type

log_gp.b 2,069 29,508 Y planning
log_gp.c 2,809 48,920 Y planning
log_dira 828 6,718 | Y planning
log_dirb 843 7,301 | Y planning
log_dirc 1,141 10,719 Y planning
log_un.b 1,729 21,943 N planning
log_un.c 2,353 37,121 N planning
bw_dir.c 3,016 50,457 | Y planning
bw_dird 6,325| 131,973| Y planning

Selected SAencoding planning instances constructed
by Kautz and Selman [96] (the hardest of these instances
which were ®mailable to us) are listed inable 1. The “log”
instances correspond to planning problems in logistics; the
“bw” instances are for blocksaxids -- not “real” vorlds --
but they are nonetheless hard. The “gp” instances are
Graphplan encodings, the “dir” instances direct encodings
(state-based for the logistics instances, linear for blocks
world), and the “un” instances are unsatisfiable Graphplan
encodings used to demonstrate the infeasibility of shorter
plans. (See cited paper for more details.)

TABLE 2. DIMACS instances.

instance vars clauses | sat type

ssa2670-141 986 2,315 N diagnosis
bf1355-075 2,180 6,778 N diagnosis
hanoi4 718 4932 Y planning
hanoi5 1931 14,468 | Y planning

In the DIMACS suite, we loodd at \an Gelder and
Tsuji's “ssa” (single-stuck-at) and “bf” (bridgexflt) circuit
diagnosis instances, and Selnsatgver of hanoi planning
instances also using linear encodingr Brevity, we report
on only the hardest, for all algorithmssésticated, of the
single-stuck-at and bridgexilt instances (shen in Table

2).

We report on all instances in the Beijing suite,vahan
Table 3. Theplanning instances (“blocks”) am use the
linear encodings. The scheduling instances (“e”) encode
Sadehs benchmarks as described in [@fard and Bakr
94]. The circuit synthesis instances (“bit”) were conttdual
by Bart Selman.

Experimental M ethodology

Our algorithms are coded in C++ usingvée than 2000
lines including header files, blank lines, and commeénts.
The implementation is fiible, with different look-back
techniques and deees installed by settingasious com-

We use three separate test suites to compare the perfor-

mance of look-back-enhanced DP with other algorithms

whose performance has been reported for the same

instances: S/kencoded planning instances from Kautz and
Selmar; selected circuit diagnosis and planning instances
from the DIMACS Challenge directory associated with the
1993 SA competitior"r; and planning, scheduling, and cir-

1. Available at ftp://ftp.research.att.com/dist/ai/logisticsztand
satplan.data.taf.

2. Available at ftp://dimacs.rutgers.edu/pub/challenge/satisfiabil-
ity.

3. Available at http://wwvcirl.edu/cravford/beijing.

4. Source code wailable at http://wwwes.utaas.edu/users/
bayardo.



TABLE 3. Beijing instances.

instance vars | clauses | sat type
e0-10-by-5-1 19,500 108,887 Y scheduling
€0-10-by-5-4 19,500| 104,527 Y scheduling
en-10-by-5-1 20,700| 111567| Y scheduling
en-10-by-5-8 20,700 113,729| Y scheduling
ew-10-by-5-1 21,800 | 118,607| Y scheduling
ew-10-by-5-8 | 22,500| 123,329 Y scheduling
3blocks 283 9,690 | Y planning
4blocksb 410 24,758 | Y planning
4blocks 758 47,820 Y planning
2bitadd_10 590 1,422 | N synthesis
2bitadd_11 649 1562 | Y synthesis
2bitadd_12 708 1,702 | Y synthesis
2bitcomp_5 125 310 | Y synthesis
2bitmax_6 252 766 | Y synthesis
3bitadd_31 8,432 31,310| Y synthesis
3bitadd_32 8,704 32,316| Y synthesis

pile-time and run-time parameterse\fid not optimize the
implementation eensvely. We belive investing more
attention in this rgard, perhaps along the lines suggested
by Freeman [95], should impre our performance by up to
a factor of three. Freemanimore sophisticated branchris

able selection heuristics and instance preprocessing tech-

nigues also should impre performance.

We eperiment with seeral \ariants of our DP algo-
rithm. The \ersion applying no look-back enhancements is
denoted “naiesat”, that applying only CBJ “cbjsat”, one
applying rel@ance-bounded learning of ordefrelsat( )",
and one applying size-bounded learning of ondésize-
sat(i)”. We only use learn orders of 3 and 4, since higher
learn orders resulted in too high arethead to be generally
useful, and lever learn orders had littlefett.

Care must be tan when gperimenting with real wrid
instances because the number of instancedahale for
experimentation is often limited. Thexgeriment must
somehw allow for performance results on the limited
instance space to generalize to other similar instances. W
found the runtime ariance of algorithms solving the same
instance to bexéremely high gien what seem to be insig-
nificant diferences in eitheralue or \ariable ordering poli-
cies, whether or not the instance is satisfiable.

Kautz and Selman [96] address this issue \®raging
WSAT's runtime @er multiple runs. W tale the same
approach and run our algorithmsveeal times (100) on
each instance with a #ifrent random number seed for each
run to ensure diérent eecution patterns. In order to deal
with runs which could takan inordinate amount of time, a
cutoff time was imposed (10 minutes unless otherwise
noted) after which the algorithmas to reportdilure. &
report the percentage of instances an algoritaited to
solve within the cutdftime. We report the mean CPU time
required per run and sometimes the mearable assign-
ments made per runyeraged wer successful runs.

The periments were performed on/ARC-10 worksta-
tions. Kautz and Selman [96] reported running times from a
110-MHz SGI Challenge. d “normalize” our running
times a@inst theirs for the same instances, we exbla

selected set of instances and compared the mean “flips per
second” reported by W3A concluding their machine to
have been 1.6 timesa$ter than our PRC-1C°. In the
experimental results that follg we talke the liberty of
reporting all run-times in “normalized S8RC-10" CPU
seconds. Instead of normalizing run-times reported by
Kautz and Selman forableau (ntab), we repeat theperi-
ments on our machine, only using thevast aailable \er-

sion of Tableau, “ntab_back”, vailable at http://
www.cirl.uoregon.edu/crarford/ntabtar. This \ersion of
Tableau incorporates a backjumping scheme, and hence is
most similar to our “cbjsat” (though better optimized).
Because ntab_back incorporates no randomizations, the
runtimes reported for this algorithm are for a single run per
instance.

Experimental Results

Table 4 displays performance data for relsat(4), W3Ad
ntab_back on Kautz and Selmsuplanning instances. Cut-
off time was 10 minutes for each instanceept bw_did,

for which it was 30 minutes. The times for WEAre those
reported by Kautz and Selman [96], normalized tARSE-

10 CPU seconds. Relsat(4) outperformed W& most
instances. Onexeeption where WSAis clearly superior is

on instance log_dir which caused relsat(4) to reach cltof
22 times. Instance bw_dircaused relsat(4) to reach céitof
18 times, ht it still outperformed WSA by seeral min-
utes @en after geraging in 30 minutes for each relsat cut-
off. Though it is dificult to drav solid conclusions about
the performance of ntab_back since the times reported are
only for a single run, we can determine that relsat(4) is
more efective than ntab_back on the instances for which
relsat(4) neer reached cutffyet ntab_back required sub-
stantially more than 10 minutes to salThis includes all
log_gp and log_un instances.

TABLE 4. Performance of relsat(4) on Kautz and Selsan
planning instances.

instance relsat(4) % fail | WSAT | ntab_back

log_gp.b 12.9 0% 75.2 2,621
log_gp.c 394 0% | 419.2 11,144
log_dira 41 0% 4.3 369.7
log_dirb 16.6 0% 2.6 161.4
log_dirc 90.3 22% 3.0 | >12hours
log_un.b 66.8 0% -- 12,225
log_un.c 1925 0% -- | >12 hours
bw_dir.c 119 0% 1072 16.9
bw_dird 813.3 18% 1499 | > 12 hours

Table 5 displays performance data for owesal DP
variants on DIMACS instance bf1355-075 -- the hardest of
the bridge-&ult instances. Freeman [95] reports that POSIT
requires 9.8 hours on a ARC 10 to sole this instance,
and we found ntab_back to selit in 17.05 secondsable
6 displays the same information for the DIKA& instance

5. We could not easily repeat theperiments of Kautz and Sel-
man on our machines due to the need to hand-tune the multiple
input parameters of WA



TABLE 5. Performance on DIM&S bridge-ault instance

successfully sokd the instance at allas relsat(4), and it
did so in only 4 out of the 100 attempts. Therage run-

bf1355-075. time in these four successful runaswnder three minutes.
algorithm run-time | assgnmnts % fail Our DP ariants performed relatly well on most of the
navesat -- -- 100% Beijing instances. The general trendsathat thusafr illus-
chjsat 115 999,555 0% trated -- the more look-back applied, the better the perfor-
sizesat(3) 2.6 18,754 0% mance and the Veer the probability of reaching cufofVe
sizesat(4) 5 3,914 0% were able to solvall the instances within this suite without
relsat(3) 3.6 23,107 02/" significant dificulty using relsat(4) with thexeeption of
relsat(4) -6 4,391 0% the “3bit” circuit instances which werever soled by ay

TABLE 6. Performance on DIM&S single-stuck-at instanc

of our DP wariants. Interestinglywe found these instances
were trivial for WSAT.

$5a270-141. The “2bit” circuit instances were tial (a fraction of a
algorithm run-time | assgnmnts % fail second mean solution timeyen for cbjsat, with thexeep-
navesat -- -- 100% tion of 2bitadd_10, their only unsatisfiable represergati
chjsat 415 | 9.4 Million 23% This instance as not solable by ag of our algorithms
sizesat(3) 242 | 5.0 Million 0% within 10 minutes. After disabling cufpfrelsat(4) deter-
sizesal(4) 278 | 4.7 Million 4% mined it unsatisfiable in 18 hours.
;g:zgtg; Zé 16'3 m:”:gg 8;’ Relsat(4) soled 4 out of 6 scheduling instances with a
: > 100% success ratew®d of the instances, e0-10-by-5-1 and

ssa270-141 -- the hardest of the single-stuck-at instances.en-10-by-5-1 resulted inaflure rates of 21% and 18%
Freeman reports POSIT to require 50 seconds t& sbig respectiely. Repeating the xperiments for these tw
instancé, and we found ntab_back to selit in 1,353 sec-  instances with a 30-minute cutoéduced thedilure rate to
onds. Both of these instances are unsatisfiable. 3% and 1% respewtly. Cravford and Balkr [94] reported
Naivesat vas unable to sobveither instance within 10 that ISAMP a simple randomized algorithm, setl/these
minutes in ap of 100 runs. Adding CBJ resulted in the types of instances morefetively than WSA or Tableau.
bridge-fwlt instance being sadd in all 100 runs, W the Our implementation of ISAMP sobd these 6 instances an
single-stuck-at instance still caused Z8lures. All the order of magnitude more quickly than relsat(4), and with a
learning algorithms performedxteemely well on the  100% success rate.aMid not find ISAMP capable of solv-
bridge-fault instance. & the single-stuck-at-instance, rele- ing ary other instances considered in this paper
vance-bounded learning resulted in a significant speedup. Of the Beijing planning instances, relsat(3) and relsat(4)
Fourth-order size-bounded learning, while restricting the found 3blocks to be easgolving it with 100% success in
size of the search space more than third-order size-boundeds.0 and 6.4 seconds oxesage respestely. The 4blocksb
learning, performed less well due to its highegrbead. instance \as also easywith both relsat(3) and relsat(4)
again achiging 100% success, though this time in 79 and

TABLE 7. Performance on DIMBS planning instance hanoi: . .
55 seconds respeatly. The 4blocks instance ags more

algorithm run-time | assgnmnts | % fail difficult. The ilure rate vas 34% for relsat(3) and 17% for
navesat - - 100% relsat(4), with serage CPU seconds of 406 and 333 sec-
chjsat 325 3.5 Million 942/" onds respeately. Because the mean times were so close to
2:;::?&3 g% iz m::::gﬂ %02 the cutof, we expect increasing the cufdime should sig-
relsat(3) >54 | 1.6 Million 13% nificantly reduce theaflure rate as it did with the schedul-
relsat(4) 183 | .89 Million 1% Ing Instances.

DIMACS instances hanoi4 and hanoi5 appear to contain
very deep local minima; although thare satisfiable, tlye
have not, to our kneledge, been sobd by stochastic algo-
rithms. Ntab_back sobs hanoi4 in 2,877 secondst lwas
unable to solg hanoi5 within 12 hours. #\are notware of
ary SAT algorithm reported to e soled hanoi5. The
results for our DP ariants on hanoi4 appear imble 7.
Though sizesat(4) appearasfer than relsat(3), its mean
run-time is skwed by the dct that it only successfully
solved the instance in 21% of its runs. Relsat(a}swsuc-
cessful in nearly all runs and relsat(4) in ait bne. V& ran
the same set of DRaviants on hanoi5. The onhasiant that

Discussion

Look-back enhancements clearly mmdRP a more capable
algorithm. For almost gery one of the instances tested here
(selected for their ditulty), learning and CBJ were critical
for good performance. ¥/ suspect the dramatic perfor-
mance impreements resulting from the incorporation of
look-back is in &ct due to a syngy between the look-
ahead and look-back techniques appliegtiable selection
heuristics attempt to seek out the most-constrained areas of
the search space to realizevit@ble failures as quickly as
possible. Learning schemes, through the recording of
derived clauses, can create constrained search-sub-spaces
for the \ariable selection heuristic ta@oit.

Size-bounded learning isfeftive when instances &
relatively mary short nogoods which can be dexd with-

6. Freeman also reports that POSKhigits high run-time ari-
ability on ssa2670-141, though thariance is not quantified.



out deep inference. Retnce-bounded learning iSfettive
when mawg sub-problems corresponding to the current DP
assignment also ke this property Our findings indicate
that real-vorld instances often contain subproblems with
short, easily deved nogoods. Phase transition instances

look-back-enhanced DP should probably replace unen-
hanced DP; where another BAalgorithm is used, DP
should be gien a n& evaluation using look-back enhance-
ments. Finally look-back-enhanced DP should become a
standard algorithm, along with unenhanced, Rninst

from Random 3SA tend to hae wery short nogoods
[Schrag and Craford 96], tut these seem to require deep
inference to devie, and look-back-enhanced DP yades
little advantage on them [Bayardo & Schrag 96].

As we ha&e noted, a f& test instances were infeasible for
look-back-enhanced DRubeasy or een trivial for WSAT.

which other styles of SRalgorithm are compared.
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