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Building adaptive constraint solvers is a major challenge
in constraint programming. An important line of research to-
wards this goal is concerned with ways to dynamically adapt
the propagation method applied on the constraints of the
problem during search. In this paper we present a heuris-
tic approach to this problem based on the monitoring of
propagation events like value deletions and domain wipe-
outs. We develop a number of heuristics that allow the con-
straint solver to dynamically switch between a weaker and

to make CP technology even more widely known and
used. One of the most important such challenges is
“ease of use” since modelling real problems as con-
straint satisfaction or optimization problems is still
largely dependent on specialized skills and expertise.
An important aspect of the modelling process is
the choice of propagation method for the various con-
straints in the problem. This was not an issue in the
early days of CP when (generalized) arc consistency
or even lesser levels of local consistency like for-
ward checking were the predominant propagation tech-
nigues used. However, these days many global con-
straints come with an array of propagators with differ-
ent filtering power and cost [29]. Also, the number of
generic local consistency methods that can be found

cheap local consistency and a stronger, but more expensive jn the literature for either binary or non-binary con-

one, when certain conditions are met. The success of this ap-
proach is based on the observation that propagation events

for individual constraints in structured problems mostly oc-

cur in clusters of nearby revisions. Hence, parts of the search

space where certain constraints highly activecan be iden-
tified and exploited paving the way for the informed use of

straints has risen significantly [1,4]. Therefore, build-
ing constraint solvers that can efficiently exploit the
wealth of available propagation techniques is a major
challenge. One way to achieve this goal is by build-
ing solvers that are able to dynamically adapt the con-

constraint propagation techniques. In this paper we first give Straint propagation method applied on the constraints
some experimental results displaying the clustering of prop- during search. Constraint solvers typically apply (gen-

agation events in structured binary CSPs. Then we present eralized) arc consistency (G)AC, or a weaker consis-
simple heuristics that exploit this clustering to efficiently tency property like bounds consistency, during search.
switch between different local consistencies on individual The choice of the appropriate propagation method for
constraints during search. Finally, we make an experimental each constraint is typically left to the modeler who has

study on various binary CSPs demonstrating the effective- to decide upon this based on the features of the prob-
ness of the proposed heuristics. lem and the available propagators for each constraint.
Obviously, this requires a significant amount of exper-

tise.

Although many propagation methods stronger than
(G)AC have been proposed, their practical usage is
limited as they are only applied during preprocessing,

Constraint Programming (CP) is nowadays consid- if at all. The main obstacle is the high time and in
ered an established and successful paradigm for mod-some cases space complexity of the algorithms that
elling and solving hard combinatorial problems from can achieve these consistencies. This, coupled with
areas such as planning and scheduling, timetabling, re- the implicit general assumption that constraints should
source allocation, bioinformatics, etc. However, the CP be propagated with a predetermined local consistency
community still has many challenges to face in order throughout search, makes maintaining strong consis-
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tencies an infeasible option, except for some specific of magnitude faster than MAC, i.e. the standard search
CSPs. One way to overcome the high complexity of algorithm for binary CSPs, on hard instances.
maintaining a strong consistency while retaining its Besides achieving faster problem solving, the work
benefits is to dynamically evoke it during search only presented here contributes towards one of the most im-
when certain conditions are met. There have been someportant goals of CP: ease of use. By allowing for the
works along this line in the literature, mainly focusing solver to dynamically change and readapt the way it
on methods to switch between GAC and weaker con- propagates individual constraints, some of the burden
sistencies [13,15,24,20]. of efficient modelling can be lifted from the shoulders
In this paper we present a heuristic approach to the of the user.

problem of dynamically adapting constraint propaga-  The paper is structured as follows. In Section 2 we
tion. We develop a number of heuristics that allow give the necessary background and definitions. Sec-
the constraint solver to dynamically switch between tion 3 makes an empirical investigation of the cluster-
a weaker and cheap local consistency and a stronger,ing of propagation events. Section 4 presents a number
but more expensive one, when certain conditions are of heuristics for dynamically adapting propagation. In
met. The proposed heuristics operate by monitoring Section 5 we perform an experimental study of the pro-
and reacting to propagation events like value deletions posed heuristics on binary CSPs. Section 6 discusses

and domain wipeouts. The success of our approach related work. Finally, in Section 7 we conclude and
is based on the observation that propagation events point out directions for future work.

caused by individual constraints in structured problems
are highly clustered. That is, constraint activity during

search is not uniformly distributed among the revisions
of the constraints. On the contrary it is highly clustered

as value deletions and domain wipeouts caused by in-

dividual constraints largely occur in clusters of nearby

2. Background

A Constraint Satisfaction ProblegCSP) is defined
asatupldX, D,C)where:X = {z1,...,z,}isaset

revisions. Hence, parts of the search space where cer-of n variables,D = {D(z1),...,D(x,)} is a set of

tain constraints arhighly activecan be identified and
exploited. This is a new and interesting observation
that may pave the way to the informed clever use of
constraint propagation techniques during search.

We start by giving some experimental results dis-
playing the clustering of propagation events in struc-

domains, one for each variable, afit= {ci,...,c.}

is a set ofe constraints. Each constraintis a pair
(var(c),rel(c)), wherevar(c) = {x1,...,z} is an
ordered subset o, andrel(c) is a subset of the
Cartesian product D(z1)X...xD(xy) that specifies
the allowed combinations of values for the variables in

tured binary CSPs. Then we present simple heuristics var(c). We denote the assignment of a valyeo vari-

that exploit this clustering to efficiently switch between
different local consistencies on individual constraints

ablex; by the pair(z;, a;). Each tupler € rel(c;) is
an ordered list of valuegus, . .., a;) such thata; €

during search. The proposed heuristics achieve this by D(z;),j = 1,...,k. Atupler € rel(c;) is valid iff

monitoring the activity of the constraints in the prob-
lem and triggering a switch between different propa-
gation methods on individual constraints once certain
conditions are met. For example, one of the heuris-
tics works as follows. It applies a weak consistency
on each constraint until a revision ofc results in a
domain wipeout. Then it switches to a strong consis-
tency and applies it on for the next few revisions. If
no further domain wipeout occurs during these revi-
sions, it switches back to the weaker consistency. As
a case study we experiment with binary problems us-
ing Arc Consistency as the weak consistency and max

Restricted Path Consistency as the strong one. An ex-

none of the values in the tuple has been removed from
the domain of the corresponding variable. The process
which verifies whether a given tuple is allowed by a
constraintc or not is called aconstraint checkA con-
straintc can be either defineeixtensionallyby explic-
itly giving rel(c), or (usually)intensionallyby implic-
itly specifyingrel(c) through a predicate or arithmetic
function.

In a binary CSP, a directed constraint with
var(c) = {x;,z;}, is arc consisten{AC) iff for ev-
ery valuea; € D(x;) there exists a value; € D(z;)
s.t. the 2-tuple<(z;, a;), (z;, a;)> satisfiesc. In this
case(z,,a;) is called an AC-support ofz;, a;) onc.

perimental study on various binary CSPs demonstrates A problem is AC iff there is no empty domain in and
the effectiveness of the proposed heuristics. We show all the (directed) constraints i are AC. A variable

that the most efficient heuristics can be up to an order

x; is singleton arc consiste{BAC) iff for each value
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a; € D(x;) after assigning:; to z; and applying AC
in the problem there is no empty domain [10].

A directed constraint, with var(c) = {z;,z;},
is max restricted path consistenaxRPC) iff it is
AC and for each valudz;,a;) there exists a value
a; € D(z;) that is an AC-support ofz;,a;) S.t.
the 2-tuple<(x;, a;), (z;, a;)> is path consistentPC)
[10]. A tuple <(z;,a;),(z;,a;)> is PC iff for any
third variablez,, there exists a value,, € D(x,,)

s.t. (zm, an) is an AC-support of both{z;,a;) and
(x,a;). Inthis case we say thét;, a;) is a maxRPC-
support of(x;, a;) one.

Following [11], we call a consistency proper#
strongerthan B iff in any problem in whichA holds
then B holds, andstrictly strongeriff it is stronger and
there is at least one problem in whiéh holds butA
does not.

The standard complete method for solving CSPs is
through backtracking tree search. At each step of the
search process, usually callectloice point a vari-

able is assigned to one of its available values and con-

straint propagation is triggered to propagate the ef-
fects of this assignment. For solvers that employ 2-way
branching choice points may also correspond to the re-
moval of value from a domain. Constraint propagation
is typically implemented through a list which may hold

In the following we will say that a constraint BWO-
active during a run of a search algorithm if at least
one of its revisions was a DWO-revision during the
search process. Accordingly, we will call a constraint
deletion-activeif it deleted at least one value from a
domain andleletion-inactivef it caused no pruning at
all.

A standard search algorithm for solving binary CSPs
is MAC (maintaining arc consistency) [23,2]. This al-
gorithm applies AC to all constraints in the problem
throughout search. Algorithms such as MAC use vari-
able (and to a lesser extent value) ordering heuristics
to guide search [28]. One of the most efficient gen-
eral purpose variable ordering heuristics that have been
proposed isdom/wdeg[6]. This heuristic uses infor-
mation derived from conflicts, in the form of DWOs,
and stored as constraint weights to guide search. A
weight is assigned to each constraint and it is initially
set to one. Each time a constraint causes a conflict, its
weight is incremented by one. Each variable is associ-
ated with aweighted degreewhich is the sum of the
weights over all constraints involving the variable and
at least another unassigned variable. The dom/wdeg
heuristic chooses the variable with minimum ratio of
current domain size to weighted degree. This heuris-
tic is among the most efficient, if ndhe most ef-

constraints, variables, or propagators depending on the ficient, general-purpose heuristics for CSPs. Follow-

particular solver. If propagation results in the removal
of all values from a variable’s domain, we havel@
main wipeout(DWO) in which case the search algo-
rithm backtracks to the last choice point undoing the
intermediate effects of propagation.

In this paper we assume the use of a constraint-

ing the work of [6], Grimes and Wallace proposed al-
ternative conflict-driven heuristics that consider value
deletions as the basic propagation events associated
with constraint weights [16]. That is, the weight of
a constraint is incremented each time the constraint
causes one or more value deletions. The efficiency of

oriented scheme for propagation where the propaga- all the proposed conflict-directed heuristics is due to

tion list, implemented as a queue or as a stack, han- their ability to learn though conflicts encountered dur-

dles constraints. In such a scheme a constraint is addeding search. As a result they can guide search towards

to the list once a value in the domain of some vari- hard parts of the problem and identdgntentiouson-

able involved in the constraint is deleted. Constraints straints [16].

are repeatedly removed from the list and are revised,

while any further value deletions may result in new

constraints being added to the list. This process termi- 3. Constraint Activity during Search

nates when the list empties or a DWO occurs.
Therevisionof a binary constraint, with var(c) =

{z;,z;}, using a local consistency is the process of

checking whether the values of verify the property

of A. For example, the revision afusing AC verifies

if all values in D(z;) have AC-supports on. We say

that a revision idruitful if it deletes at least one value,

while it is redundanif it achieves no pruning. A DWO-

revisionis one that causes a DWO. That is, a revision

that deletes the last remaining value(s) from a domain.

It has been recognized, for example in [20], that
in many, mainly structured, problems only few of the
constraint revisions that occur during search are fruit-
ful while some constraints do not cause any DWOs or
even are deletion-inactive during the run of a search al-
gorithm despite being revised many times. For exam-
ple, when solving the scenl1 radio links frequency as-
signment (RLFA) problem with MAC equipped with
dom/wdeg, only 27 of the 4103 constraints in the prob-
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lem were identified as weight-active, while 1921 con- An analysis and visualization of the results obtained
straints were deletion-inactive. revealed interesting patterns. The four plots in Figure 1
Hence, it would be desirable to apply a strong con- demonstrate how the number of DWOs (y-axis) caused
sistency only when it is likely that it will prune many by 4 sample constraints increases as constraint revi-
values and avoid using such a consistency when the ex- sions (x-axis) occur throughout search. That is, a data
pected pruning is non-existent or very low. The prob- point with coordinategs, j) corresponds to thg-th
lem is that estimating the likelihood of pruning in or- DWO-revision of the constraint, which occurred at the
der to target strong propagation accordingly is very dif- i-th time it was revised. The algorithm used is MAC +
ficult. This is because the activity of the constraints dom/wdeg and the sample constraints are taken from
in a problem depends on the structure of the prob- three stru'ctl.Jred and one random problem. Considering
lem since constraints in difficult local subproblems are that heuristic dom/wdeg was used, we can also view
more likely to cause deletions and domain wipeouts, 9@ point(i, j) as giving the weight of the constraint

especially if a heuristic like dom/wdeg that can iden- at thei-th time it was revised. sions in th
tify such subproblems is used. On top of that and due to hAS we can s(;ae |anI:|guref L D\INO-I‘eVIS]lOI’lS in t e
the complex interactions that may exist between con- three strlIJcture "pr? t?\ms orm clusters do sucs:t(ke]stilve
straints, the activity also depends on the search algo- or very close calls 1o e revision procedure, wi N
: : . : exception of a few outliers. This implies that once
rithm, the propagation method, the variable ordering L . T

- . . . a DWO-revision of a constraint occurs, it is likely
heuristic, and on the order in which constraints are

ropagated. For example, when solving scenll with that ¢ will again cause pruning and possibly even
bropagated. Ple, 9 . DWOs within its few subsequent revisions. In contrast
an algorithm that applies maxRPC on each constraint

: . . to structured problems, DWO-revisions in the random
and dom/wdeg for variable ordering, 29 constraints P

. . , . o instance are distributed in a much more uniform way
were weight-active with only 13 of these identified as

: . _ . along the line of revisions.
weight-active by both this algorithm and MAC. Similar patterns to the ones of Figure 1 occur with

Importantly, many revisions of the constraints that respect to value deletions. The two plots in Figure 2
are weight-active and deletion-active are redundant yemonstrate how the number of fruitful revisions (y-
or achieve very little pruning. To investigate how gxis) caused by 2 sample constraints increases as con-
the fruitful revisions of the constraints are distributed  straint revisions (x-axis) occur throughout search. That
along the time-line of their revisions we run experi- s a data point with coordinatés, j) corresponds to
ments on some structured and random binary problems the j-th fruitful revision of the constraint, which oc-
and recorded the following information for each con- curred at the-th time it was revised. As with DWO-
straintc: revisions, fruitful revisions appear clustered within
consecutive or close revisions. Of course in this case
the clusters are closer to one another since value dele-
tions occur much more often than DWOs.

Similar results with respect to the clusterness of
propagation events were obtained when an algorithm
- i ; that applied maxRPC was used in place of MAC. Fig-

initially empty, list of qulean va.rlables. A.n ele- ure 3 shows the DWO-revisions and value deletions

ment was added fto the list each timeas revised. caused by this algorithm (with dom/wdeg) for one

The Boolean variable of the element was sett0 0 ggmple constraint taken from scen1l. This constraint

or 1 depending on whether the revision was re- a5 revised 1020 times during search, but only 85

dundant or fruitful respectively. After search ter-  f these revisions were fruitful and 64 of those were

minated the list's length was equal to the total pwoO-revisions. Naturally maxRPC, being stronger,
number of times: was revised and it offered in-  ysually displays a higher percentage of fruitful revi-
sight on the “history” ofc’s fruitful revisions. sions compared to AC. But redundant revisions for

— The value ofrevision(c) for each DWO-revision  maxRPC heavily penalize the run times and such revi-
of c. This information was also recorded using a sions still appear in large numbers.

list in a similar way as above. After search termi- Another interesting observation is that in the struc-

nated this list offered insight on the “history” of  tured problems the percentage of DWO-revisions to to-

c's DWO-revisions. tal revisions is in general low and there are also many

— The number of times was revised. To record this
we simply used a countefevision(c) that was
incremented by one each timevas revised.

— The value ofrevision(c) for each fruitful revi-
sion of c. To record this information we used an,
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redundant revisions. For example in the RLFAP of in-
stance Figure 1 the sample constraint, which was the
most active one in terms of DWO-revisions, was re-
vised 3386 times during search, but only 407 of these
revisions were fruitful, while only 265 were DWO-
revisions. Similar results with respect to the percent-
age of fruitful revisions were obtained for constraints
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Fig. 2. Value deletions for two sample constraints from a RI(Ief&) and a driver (right) problem.

across a variety of structured problems.

To further investigate these observations we run the
Expectation MaximizatioEM) clustering algorithm

[12] on the data of Figure 1 (top left). This revealed 20
clusters of DWO-revisions with average size of 13,25.
The mean and median standard deviation (SD) for the
DWO-revisions (x-axis) across the clusters was 21,67
and 7,41 respectively. Accordingly, EM revealed 16
clusters of DWO-revisions for the data of Figure 1
(bottom left) of average size 25,43. The mean and me-
dian SD for the DWO-revisions was 35,91 and 23,80
respectively. The SD in a cluster is an important piece
of information as it represents the average distance of



any member of the cluster from the cluster’s centroid.
That s, itis a measure of the cluster’s density. The me-
dian SD over the 20 clusters is quite low which indi-
cates that DWO-revisions are closely grouped together.
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Table 1 4. Heuristically Adapting Propagation
Clustering results from benchmark instances.
instance #cons |avg#cls| avg sizg mean SOmedian SO We now present four simple heuristics that can be
scenll 27/4103| 6,66 | 10,82 | 41,09 | 16,12 used to dynamically adapt the level of consistency en-
driver-08c | 87/9321| 2,44 | 12,62 | 3850 | 25,11 forced on individual constraints during search. These
qcp15-120-0554/3150 12,87 | 15,26 | 226,12 | 129,28 heuristics exploit information regarding domain reduc-
frb35-17-0 | 233/262| 7,20 | 19,38 | 1856,70| 1649,05 tions and wipeouts gathered during search. For the

purposes of this paper we limit ourselves to the case
where dynamic adaptation involves switching between
aweak, and cheap, local consistency and a stronger but
more expensive one. In general it may be desirable to
utilize a suit of local consistencies with varying power
and properties. However, adapting the heuristics pre-
sented here to handle more than two propagation meth-
ods is not straightforward, and therefore is left for fu-

The mean is higher because it is affected by the pres- {yre work.

ence of outliers. That is, some of the clusters formed by
EM may include outliers which increase the cluster’'s
SD.

Table 1 shows clustering results from the four

benchmark instances of Figure 1. For each instance we

report the ratio of weight-active constraints over the to-
tal number of constraints, the average number of clus-

The intuition behind the proposed heuristics is
twofold. First to target the application of the strong
consistency on areas in the search space where a con-
straint is highly active so that domain pruning is max-
imized and dead-ends are encountered faster. And sec-
ond, to avoid using an expensive propagation method
when pruning is unlikely. The first three heuristics try
to take advantage of the clusterness that fruitful revi-

ters, the average cluster size, and the mean and mediargjons display in structured problems, while the fourth

SD for the clusters of DWO-revisions. Averages are

taken over 20 sample weight-active constraints from
each problem on which EM was applied. The mean
and median SD are much lower in structured problems
compared to the random one verifying the observation
that in the presence of structure DWO-revisions largely
occur in clusters while in its absence they tend to be
uniformly distributed. The question we try to answer

in the following is whether we can take advantage of

this to discover dead-ends sooner through strong prop-

agation while keeping cpu times manageable.

heuristic simply reacts to any deletions caused by
a constraint. To take advantage of the clusteness of
propagation events the heuristics monitor these events
while the constraints are revised throughout search.
The heuristics can be distinguished according to the
propagation events they monitor (deletions or DWQOSs)
and also according to the extent of user involvement
in their tuning (fully and semi automated). Heuris-
tics based on DWOs (value deletions) may change or
maintain the level of local consistency employed on a
given constraint by monitoring the DWOs (value dele-
tions) caused by this constraint. There are also hybrid
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heuristics that may react to both types of propagation
events. Fully automated heuristics do not require any
tuning while semi-automated ones are parameterized
by a user-defined bound. This bound specifies the de-
sired number of revisions during which a strong con-

sistency is enforced after a propagation event has been

detected. The greater the bound the longer is the strong
consistency applied.

Importantly, any heuristic, be it for branching or
for adapting the local consistency enforced, must be
lightweight i.e. cheap to compute. Otherwise, it is pos-
sible that any benefits offered by the heuristic will be
outweighed by the cost of its computation. As it will

We now describe the four heuristics, which we sim-
ply call H;-H4, specifying what type of propagation
events they monitor and the extent of user involvement
in their tuning.

H;(1): semi automated - DWO monitoring Heuristic
H; monitors and counts the revisions and DWOs of the
constraints in the problem. A constrainis mades if

the number of calls t&Revi se(c) since the last time

it caused a DWO is less or equal to a (user defined)
threshold. That is, if revp]-dwo[c] < [. Otherwise, it

is madelV.

Ho: fully or semi automated - deletion monitoring

become clear, the heuristics proposed here are indeedHeuristic H, monitors revisions and value deletions. A

lightweight as they affect the complexity of the propa-
gation procedure only by a constant factor.

In our experiments we have used AC and maxRPC
as the weak and strong local consistency respectively.
As proved in [10], maxRPC is strictly stronger than
AC. That is, it will always delete at least the same val-
ues as AC. Also, maxRPC displays a good cpu time
to value deletions ratio compared to other strong lo-
cal consistencies [11]. Of course other local consisten-
cies can be used instead, and this is indeed an inter-
esting direction for future work. Since our approach is
generic, when describing the heuristics we will avoid
naming specific consistencies and instead we will re-
fer to switching between a weaki{) and a strong¥)
local consistency.

For eachc € C, the heuristics make use of the fol-
lowing data structures:

1. rev[c] is an integer counter holding the number
of timesc has been revised, incremented by one
each time is revised.

. dwolc] is an integer counter denoting the revision
in which the most recent DWO caused byc-
curred.

. delfc] is an integer counter denoting the most re-
cent revision ofc which resulted in at least one
value deletion.

. delS[¢] is an integer counter denoting the most
recent revision ot in which at least one value
that waslV but notS was identified and deleted.
This means that the deletion ofE-inconsistent
value does not trigger a change in dgk]. The
counter is incremented only if a value thatlis
but notS is deleted.

. delW[c] is a Boolean flag denoting whether the
current revision of resulted in at least one value
deletion (deliW[c]=T) or not (delW[c]=F).

constraintc is madeS if the last call toRevi se(c)
caused at least one value deletion. Thatis made
S as long as detj=rev[c]. Otherwise, it is madéV'.
H, can be semi automated in a similar way te by
allowing for a (user defined) numbgof redundant re-
visions after the last fruitful revision. [fis set to 0 we
get the fully automated version of,H

Hs: fully or semi automated - hybrid HeuristicsHs

a refinement of K. It monitors revisions, value dele-
tions, and DWOs. A constraint is madeS as long
as delS[c]=rev]|c]. Otherwise, it is madé&V. Once the
constraint causes a DWO, d&[c] is set to rev§] and
the monitoring ofS’s effects starts again. If this is not
done then once res] becomes greater than d8[c]
the constraint will thereafter be propagated usitig
Hs can be semi automated in a similar way tp &hd
H, by allowing for a (user defined) humbéof revi-
sions that only delet®-inconsistent values or no val-
ues at all after the last revision that deleted values that
wereW but notS.

Hy: fully or semi automated - deletion monitoring
Heuristic H, monitors value deletions. For any con-
straint ¢, Hy appliesW until deLW[c] becomes T.

In this casec is madeS. In other words, if at least
one value is deleted from the domain of a variable
x € var(c) by W then S is applied on the remaining
available values itDh(z). Hy can be semi automated by
insisting thatS is applied only if a (user defined) pro-
portionp of x's available values have been deleted by
W during the current revision af. With high values

of p S will be applied only when it is likely that it will
cause a DWO.

Importantly, the heuristics defined above can be
combined either disjunctively or conjunctively in var-
ious ways to give rise to new heuristics. For exam-
ple, heuristic H,, appliesS on a constraint whenever
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the condition specified by either,;HH,, or H, holds.
Heuristic H;, appliesS when both the conditions of
H, and H; hold. We can choose a disjunctive or con-
junctive combination depending on whether we want
S applied more or less frequently respectively. Experi-
mental results in the following section demonstrate that
certain disjunctive combinations are more robust than
the individual heuristics displaying good performance
over a range of problems.

4.1. Implementing the Heuristics

The proposed heuristics can be easily crafted into
any solver that performs constraint-oriented propa-
gation. But this does not preclude their use within
solvers where propagation is implemented differently,
i.e. variable-oriented or propagator-oriented. As men-
tioned in Section 2, solvers implementing constraint-
oriented propagation utilize a list that holds the con-
straint to be revised.

function Pr opagat e(X,C,L,h)
while L # ()
remove constraint, with var(c) = {x;,x;}, from L;
prop«< Deci de(c,h);
if prop =S then Revi se(c,z;,5);
elseRevi se(c,x;,W);
if D(x;) has been reducetien
if D(x;) = () thenreturn FAILURE;
elseadd toL any constraint’, with var(c') = {xx, z:};
return SUCCESS,;

Fig. 4. The main constraint propagation function for adagptixopa-
gation.

Figures 4 and 5 describe the implementation of the
heuristics in a constraint-oriented solver using function
Pr opagat e and procedur®evi se. These are based
on corresponding functions for coarse-grained AC al-
gorithms like AC-3 [19] and AC2001/3.1 [3]. Func-
tion Pr opagat e takes as input the variables and the
constraints of the problem, an initialized listof con-
straints to be propagated, and the heuristic be used.
Once a constraint is removed fromZ, function De-
ci de is called to determine how it will be propagated.
This function is parameterized by the adaptive propa-
gation heuristich and uses the data structures required
for the computation of the heuristics, which for sim-
plicity we assume to be globally defindoeci de sim-
ply applies the heuristic and decides on the local con-
sistency V' or S) to be used for its revision. For exam-
ple, if b is Hi(I) thenDeci de simply checks whether

function Revi se(c,z;:,5)
revic]++;
for eacha € D(x;)
if a is notW-supported or then
deletea from D(z;);
2: dellc] < rev[c];
else ifa is not.S-supported or then
deletea from D(z;);
2: dellc] < rev[c];
3: delLS[c] « rev[c];
if D(x;) = () then
dwolc] « rev[c];
3. delS[c] « rev[c];

function Revi se(c,xz;, W)
revic]++;
delW(c] — F;
for eacha € D(x;)
if a is notW-supported or: then
deletea from D(z;);
delLW(c] < T;
2: dellc] « rev[];
if deLW=T then
for eacha € D(x;)
if a is notS-supported or then
deletea from D(x;);
3: delS[c] < rev[];
if D(x;) = () then
dwolc] « rev[c];
3:  delS[c] « rev[c];

Fig. 5. Constraint revision functions for adaptive progaga The
versions oRevi se given can apply ki, or HY;,. Removing lines
labelled with 3 (2) gives K, (HYs,).

rev|c]-dwol[c] < [ holds or not. Thereafter, depending
on the selected consistency, the appropriate version of
procedureRevi se (Figure 5) is called to perform the
propagation. If the revision causes a DW@,0pa-
gat e returns to denote failure.

The two versions oRevi se shown, one foriW
and one forS, implement either the combined heuristic
HY,4 or HY;,. We now briefly describe the implementa-
tion of these heuristics as sketched in Figure 5. The rest
of the heuristics, either individual or combined, can be
implemented in a similar way. Initially, i.e. before the
first revision of any constraint, rev[c], dwolc], del[¢],
and delW|[¢] are set to 0, while deb[c] is set to F.

If the computation of the heuristic function in
Deci de results in the application o then Re-
vi se(c,x;,5) is called. First rew], the counter ot's
revisions, is incremented. Then each vatuef z; is
checked for support oa This is done by first check-
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ing if a is W-supported ore. If it is not then it is re-
moved fromD(x;) and if HY,, is used counter del]
is set to rev§] to denote that the most recent revision
of ¢ resulted in a value deletion. if is W-supported
then it is checked fof-support. If it does not have an
S-support it is deleted and counters @glffor HY,,)
and delS[] (for HY;,) are set to rev] to denote that
the most recent revision af resulted in the deletion
of a value that wa$?” but notS. If the domain ofz;
is wiped out after checking all its values then counter
dwolc] is set to revf] to denote that the most recent
revision of ¢ resulted in a DWO. Also, in the case of
HY5, counter delS[c] is set to rev{] to restart the mon-
itoring of S’s effects. This is necessary in case all the
remaining values oD (z;) were removed byV.

If the computation of the heuristic function De-
ci de results in the application ofl then Re-
vi se(c,z;,W) is called. First, rev] is incremented
and flag deliW|[(] is initialized to F. Then each value
a of x; is checked forl//-support onc. If a value is
not W-supported it is deleted, flag d&V[c] is setto T
to denote that the current revision otaused a value
deletion (this will be used later in this revision), and in
the case of k,, counter delf] is set to revf] to denote
that the most recent revision ofresulted in a value
deletion (this will be used in subsequent revisions). Af-
ter checking all values i (x;), if del_W][c] is T then
S is applied on the remaining values. Any value that is
not S-supported is deleted and if{k}, is used counter
del.S[] is set to rev§] to denote that the most recent
revision ofc resulted in the deletion of a value that was
W but notS. Finally, if the domain ofx; is wiped out
then counters dwe] and delS[] (for HY;,) are set to
revic].

5. Experiments

In this section we make a detailed experimental eval-
uation of the proposed heuristics on various binary
CSPs. We first compare the heuristics and some of
their disjunctive and conjunctive combinations against
MAC and an algorithm that propagates all constraints
using maxRPC throughout search. These two algo-
rithms are simply denoted by AC and maxRPC here-
after. As results demonstrate, disjunctively combined

heuristics are more efficient and robust compared to the

single versions, and outperform both AC and maxRPC.
We then study the effect of random restarts on the per-

formance of the heuristics. Results show that the use of

random restarts can result in significant speed-ups in

favor of one of the best adaptive heuristics compared
to AC. We also study the impact that the user defined
bounds! have on the efficiency of semi-automated
heuristics.

Our solver uses d-way branching, lexicographic
value ordering, and can employ restarts. The code was
written in C. In the experiments presented the heuris-
tic used for variable ordering was dom/wdeg. The con-
straint revision list was implemented as a FIFO queue,
which is known to be more efficient than a LIFO im-
plementatioh. We experimented with the following
classes of benchmarks taken from C. Lecoutre’s web
page http://www.cril.univ-artois.fr/ lecoutre] where
details about them can be found: radio links frequency
assignment (RLFA), black hole, driver, hanoi, quasi-
group completion, quasigroup with holes, graph col-
oring, composed random, forced random, geometric
quasi-random. Some classes and many specific in-
stances we tried are very easy or very hard (e.g black
hole) for all methods.

We need to point out that for many of the tested
classes, with graph coloring being a notable example,
there exist specialized methods that can solve the spe-
cific problems much faster than the generic methods
we use. Our aim is only to demonstrate the efficiency
of the proposed heuristics in dynamically switching
between different local consistencies and not to outper-
form state-of-the-art methods for specific problems.

5.1. Evaluation of the Heuristics

In this section we compare adaptive algorithms that
use the heuristics of Section 4, where each algorithm is
denoted by the corresponding heuristic, to algorithms
that apply AC and maxRPC. All algorithms were run to
completion in a single run (i.e. there were no restarts).
We include results from all four heuristics as well
as from three disjunctive and one conjunctive combi-
nation of the heuristics. For H and any combined
heuristic that includes H the value ofl was set to
100 while for H, I was set to 10. These values were
chosen empirically and display a good performance
across a number of instances. However, the value of
these parameters is an important factor that can affect
the performance of the heuristics. This topic is further
discussed in Section 5.3. Results given for heuristic
Hs are also from a semi automated version where the
bound! was set to 100.

1The experimental results given in [26] were obtained using a
LIFO implementation of the revision list.



10 K. Stergiou / Heuristics for Dynamically Adapting Propagain CSPs

Table 2
Nodes (n) and cpu times (t) in seconds from RFLAP instances. Th
s and g prefixes stand for scen and graph respectively. Thejes
time for each instance is highlighted with bold.

instance AC |maxRPQ H; Ha Hs Hy | HY, | HYou | HYse | HY,
sll 2,790 | 1,308 | 1,399| 1,384 1,372| 2,213 1,372| 1,324 1,335 1,352
5.3 125 4.7 5.9 4.5 5.8 4.0 4.5 5.8 4.4

n
t
s11-f12\n| 7,349 | 1,703 | 2,531| 1,744 | 2,462| 6,030| 1,687 1,812| 1,744| 2,754
t
n
t

18.4 30.1 99 | 10.0 | 9.7 | 123 | 9.4 8.2 | 126 | 94
9,601 | 2,028 | 2,932 2,275| 2,637 8,154 | 2,314| 2,242| 2,371| 2,752
24.8 426 | 116 | 13.0| 104 | 173 | 10.8 | 9.6 | 17.2 | 10.8

s11-f10

s11-f9 101,528 33,577 |37,722 35,401 34,364 78,487 34,140 36,643 34,310 37,722
360.2 | 973.5 | 151.7| 167.4| 153.2| 224.2| 146.8| 153.3| 295.5| 146.0

n
t
s02-f25|n| 12,688| 5,548 | 3,878| 4,968 2,759| 6,673| 2,759| 3,542| 3,143| 2,958
t
n
t

13.6 56.2 50 | 174 | 41 8.7 4.0 6.0 | 10.3 | 4.1
1,507 700 912 | 738 | 922 | 1,025| 922 | 831 | 787 | 921
1.8 4.8 2.3 2.8 2.5 2.3 2.5 2.3 2.7 2.4

s03-f10

s03-f11|n| 9,486 | 2,370 | 3,504| 2,294| 3,337| 5,917| 3,311| 2,504 | 2,461| 3,570
t| 16.8 324 9.1 | 11.2| 94 9.3 8.2 8.0 | 143 | 88
g08-f10|n| 19,590, 8,808 | 9,301| 5,651|10,747 10,795 4,242| 4,718| 6,733| 9,301
t| 38.3 36.0 | 196 | 144 | 218 | 165 | 122 | 9.1 | 206 | 194
g08-f11|n| 4,439 638 |2,059| 512 | 1,976| 678 | 525 | 565 | 527 | 2,170
t| 10.3 4.7 5.3 2.9 5.3 2.4 3.0 2.3 2.4 5.6
g14-f27|n| 13,833| 926 |11,14(Q 3,095|10,49¢ 5,697| 2,680| 3,319| 3,457|11,126§
t| 12.0 4.6 11.0| 3.8 | 10.8| 438 3.2 3.5 41 | 11.4
g14-i28|n| 8,405 | 1,668 | 4,511| 2,313| 4,803| 3,014| 2,179| 4,581 2,051| 5,407
t| 13.7 7.3 8.0 4.6 7.7 3.9 3.6 6.1 4.1 8.3

Table 2 displays results from some selected real- mance over all instances, while/}] and the conjunc-
world RLFAP instances taken from tiseenandgraph tive heuristic H\, are less robust. For exampley i
classes of RLFAPs. Originally these are optimization is twice as slow as ¥4 and H',, on the scen11-f9 in-
problems but for the purposes of CSP benchmarking stance, while K, is very competitive on the scen in-
some have been turned into satisfaction problems [7]. stances but less so on the graph ones.

First of all we can note that in most of these problems  Table 3 displays results from instances belonging
maxRPC can be too expensive to maintain compared to a collection of the following classes of bench-

to AC. However, in some cases it reduces the size of marks: graph coloring (1st-5th), driver (6th,7th), quasi-
the search tree significantly and is faster than AC. The group completion (8th-11th), quasigroups with holes
adaptive heuristics cut down the size of the explored (12th,13th). In some of these problems, especially
search space and reduce the run times in most casesguasigroup ones, maxRPC is much more efficient than
This is more visible in problems where maxRPC vis- AC. The heuristics, except Hand H,, can further

its considerably less nodes than AC (e.g. graph08-f11). improve on the performance of maxRPC making the
Importantly, in easy problems or in problems where adaptive algorithms considerably more efficient than
maxRPC does not have a considerable effect comparedMAC.

to AC the heuristics do not slow the search process in  The results given in Tables 2 and 3 show that in-

a notable way. dividual heuristics can display considerable variance
Comparing the various heuristics it seems that all in their performance from instance to instance. On the

four individual heuristics are competitive, wiffh; and contrary, combined heuristics are quite robust. A com-

Hj3 being better on the scen instances &hdand H, parison between the heuristics shows thatadd the

on the graph instances. Disjunctive heuristic Eind combined ones that include;Hlisplay good perfor-

HY,, are the most robust as they display good perfor- mance on a wide variety of problems. It has to be
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Table 3
Nodes (n) and cpu times (t) in seconds from structured insganc

instance AC maxRPC| H; Ho Hs Hy HY, HY54 HY34 HY,
anna-8 69,321 | 29,260 | 29,572 | 29,262 | 29,578 | 69,881 | 29,042 | 29,248 | 29,518 | 29,572

22.9 48.4 8.7 19.6 8.7 24.5 8.5 16.0 155 8.5
homer-8 69,280 | 28,994 | 29,368 | 28,975 | 29,368 | 69,321 | 28,986 | 29,039 | 29,237 | 29,368

126.6 225.7 36.4 90.9 37.0 74.3 437 62.5 54.6 36.6
games120-8 3,208,9781,375,2551,371,0271,371,8821,371,496 3,207,187 1,366,902 1,371,0271,379,4231,371,027

374.1 325.2 153.1 187.9 155.4 280.7 169.4 172.4 168.4 152.0
2-fullins-5-4 1,052 634 706 609 703 847 703 694 585 706

26.8 18.5 12.9 15.7 10.1 13.3 10.3 104 14.8 134
4-fullins-4-6 31,507 | 15,436 | 26,777 | 15,507 | 23,385 | 28,720 | 24,147 | 22,074 | 16,944 | 26,777

236.5 228.6 186.6 154.4 190.2 171.4 153.6 144.5 138.7 183.5
3,872 848 3,314 992 3,693 2,922 942 2,384 1,609 3,314
9.8 15.4 8.0 55 8.9 6.4 6.6 6.0 4.6 7.8
14,129 | 9,814 | 15,707 | 9,673 | 14,683 | 12,475 | 10,589 | 12,333 | 11,587 | 15,707
155.9 194.8 167.4 114.1 156.8 122.5 130.3 120.5 120.9 167.6
102,136| 19,496 | 79,108 | 29,064 | 45,381 | 99,455 | 32,403 | 30,206 | 29,434 | 79,108
86.8 26.4 63.9 28.4 40.0 68.5 30.6 26.5 275 62.6
536,056 62,682 | 404,003| 63,984 | 135,914 405,187 | 52,163 | 73,628 | 53,311 | 404,003
559.6 103.0 388.4 76.2 138.7 327.6 64.8 82.1 66.1 378.4
851,950| 129,526 | 565,663| 162,243| 372,360| 792,334| 128,974| 140,900| 118,719| 565,663
841.0 193.8 486.2 162.1 346.0 564.4 130.0 140.2 125.0 481.6
1,058,477 54,622 | 142,637| 62,124 | 97,483 | 236,131| 64,686 | 59,252 | 333,339| 142,637
950.0 76.3 117.9 59.8 79.2 166.6 60.9 55.0 369.4 116.1
94,013 | 8,975 | 18,179 | 15,891 | 34,409 | 73,655 | 21,153 | 28,508 | 28,757 | 18,179
238.1 28.4 49.0 41.6 87.7 149.4 58.5 72.3 78.8 48.4
48,892 | 14,556 | 46,970 | 18,285 | 32,905 | 80,360 | 17,414 | 18,100 | 26,178 | 46,970
135.4 48.8 120.1 51.9 88.8 169.7 50.3 35.8 77.0 118.5

driverlogw-08

driverlogw-09

qcp-15-120-0

qcp-15-120-5

qcp-15-120-9

qcp-15-120-1

qwh-20-166-0

qwh-20-166-1

-~ 53|~ 53|~ 5|~ 53|~ 5|~ S|~ 3|~ S|~ S|~ S|~ 5|~ S|~ 3

noted that H, and H,, were faster than AC in allin-  which display some structure, the heuristics fare better.
stances we tried, except for some easy instances whereThe best heuristics are by far,Hand H, which are
they were slightly slower. Hand H; are effective on in fact competitive to AC. The disjunctive heuristics
RLAFPs but worse than Hon quasigroup problems.  which apply maxRPC more frequently are the worse. A
The fully automated version of Hdisplays the worst probable explanation is that the clusterness of propaga-
performance among the individual heuristics. But we tion events is absent in these types of problems which
have not yet tried semi automated versions of H means that many of the revisions following a value
Overall the heuristics offer a good balance between AC deletion or a DWO are quite often redundant. There-
and maxRPC. In problems where maxRPC offers sig- fore targeting the application of maxRPC on such re-
nificant savings in nodes compared to AC, they retain visions may only increase cpu times without offering
this advantage and translate it into considerable sav- much pruning. On the other hand, ldoes not target
ings in run times. In problems where maxRPC offers clusters of activity to apply maxRPC but reacts to value
moderate savings in nodes, the heuristics significantly deletions wherever they occur. Hence, it is not signifi-
reduce the run times of maxRPC and are competitive, cantly handicapped by the absence of clusters.
and often faster, than AC. Table 5 summarizes the above results concerning the
Table 4 gives result from forced random and ge- eight tested heuristics and their comparison with AC
ometric quasi-random problems. As is clear, in such and maxRPC. For each heuristic an entry of the form
problems the heuristics are generally outperformed by x/y in the first column gives the numberof instances
AC in run times, especially on the forced random where the heuristic is faster than AC, and the number
problems that lack structure. On geometric problems, y of instances where it is slower than AC. The second
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Table 4
Nodes (n) and cpu times (t) in seconds from random instances.

instance AC maxRPQ H; Ho Hs Hy HY, HYos | Hiss HY,
frb35-17 n| 26,729 | 9,372 | 19,032| 9,460 | 13,005| 20,585 | 9,520 | 9,732 | 9,321 | 19,032

t| 104 28.9 131 | 212 | 211 11.1 20.2 | 20.8 | 27.6 12.9
frb40-19 n| 45,296 | 16,608 | 33,381| 19,001| 29,427| 35,457 | 19,037| 17,503| 17,070| 33,381

t| 20.1 60.6 252 | 46.7 | 60.2 21.9 469 | 40.1 | 60.0 | 24.8
frb45-21 n| 1,207,920 538,317|925,945 561,800 690,290 1,032,873551,669 555,943 537,722 925,945

t| 654.0 | 1957.6| 779.5 | 1450.8| 1707.8| 741.7 | 1441.9| 1476.0| 1970.2| 765.4

geo50-20-75-In| 195,270| 67,914 138,774 82,092(113,247 161,792|102,452 79,129| 69,094|138,774
t| 1354 | 429.2 | 1354 | 283.9| 261.2 | 1359 | 227.8| 262.9 | 390.2 | 132.6
geo50-20-75-2n| 199,608| 32,750 157,509 39,001| 78,973| 174,720| 52,481| 37,052 32,690| 157,509
t| 112.8 209.4 | 133.7 | 140.7 | 1779 | 1334 | 1154 | 120.9| 196.0 | 131.5
geo050-20-75-8n| 119,180| 32,443 | 83,498| 46,300| 66,816 98,383 | 48,285| 45,646| 40,755| 83,498
t| 73.4 164.2 | 71.7 | 133.6 | 141.9 73.4 86.2 | 122.4 | 185.2| 70.8

Table5 o in turn can guide dom/wdeg to different variable selec-
Summary of results for the eight tested heuristics. tions, and hence different parts of the search space.
AC maxRPC
x1 x2 | x5 x1 x2 | x5 5.2. Random Restarts
Hy |23(1)/6(4) 9/0 |1/0| 21(6)/9 |15(5)/5 4/0
Ha | 21/9(6) |11/4(4) 4/0| 27(6)/3 | 10/0 |1/0 To investigate the impact of random restarts on the
Hs | 22/8(6) |12/3(3)1/0| 21(6)/9 | 9/2 |4/0 performance of the heuristics we implemented the fol-
Hs | 20/9(5) | 6/0 |1/0| 23(6)/7 |15(5)/6 1/1 lowing restart policy within our solver. The initial
HY, | 23/7(6) [18/2(2) 3/0| 27(6)/3 | 11/1 |4/0 number of allowed backtracks for the first run has been
HY,, | 23/7(6) [18/3(3)|3/0] 28(6)2 | 12/1 [2/0 set to 10 and at each new run the number of allowed
HYas| 21/9(6) | 9/5(5) |2/0[24(4)6(2) 972 |1/1 backtracks increases by a factor of 1.5. Such policies,
HY, |24(2)/6(4] 9/0 |1/0| 21(6)/9 |15(5)/6 4/0 where the backtrack bound increases geometrically af-

ter each restart, have been shown to be quite efficient
[30]. In general the use of restarts enables the solver to
and third columns give similar data for the number of  tackle much harder problems that are beyond its reach
instances where the heuristic is two times faster (resp. without restarts, but in some cases restarts slow down
slower), and five times faster (resp. slower) than AC. the solver considerably.
The following three columns give similar information Table 6 gives indicative experimental results com-
concerning the comparison between the heuristics and paring the disjunctive heuristic i, which displayed
maxRPC. A numbet in brackets, e.gz/y(z), isthe  good overall performance, to AC and maxRPC. The
number of random instances, i.e. forced random or ge- table displays results from RLFAPs, graph coloring,
ometric, out of they instances. quasigroups, and random problems. We include results
As is clear, all heuristics are on average better than of some instances used in Section 5.1 as well as from
both AC and maxRPC but § and H/,, are the ones  additional instances, some of which are not solvable in
achieving the most robust performance. For example, reasonable time without restarts.
looking at the “twice as fast” columns it is clear that Results confirm that the adaptive heuristic displays
they dominate AC and maxRPC while other heuristics a better overall performance compared to AC and
are not as dominant over both AC and maxRPC. maxRPC. H, is fastest on 12 instances (plus one tied
A final interesting observation is that sometimes the with AC), AC is fastest on 4 instances (plus one tied
heuristics result in fewer node visits than maxRPC or with H},), and maxRPC is fastest on 5 instances. It is
in more than AC. This is explained by the interaction interesting that maxRPC is the best method on all in-
between constraint propagation and the variable order- stances of the “quasigroup with holes” problem, except
ing heuristic. Different propagation methods can lead gqwh20-166-8 where Y is better. AC performs poorly
to different weight increases for the constraints, which on these instances but on the other hand it outperforms
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Table 6

Nodes (n) and cpu times (t) in seconds from RLFA, graph color-
ing problems (left columns) and quasigroup, random probleigist(r
columns). The best cpu time for each instance is highlighted wi
bold. A time out limit of 2 hours was set.

instance AC maxRPC HY, instance AC |maxRPQ HY,
scenll-f9 |n| 1,632 670 866 qcpl5-120-13/1,007,089 150,480| 151,743
t 5.0 15.5 5.0 1,001.9| 3451 | 1841
scenll-f8 |n| 2,769 858 824 qcp20-187-0 |1,406,618 122,718/ 120,008
t 9.6 22.6 54 3,664.8| 566.5 | 332.6
scenll-f7 |[n| 32,104 3,658 3,758 qcp20-187-1 | 189,942 | 357,657|272,574
t 86.2 78.1 13.9 429.8 | 1,667.7| 732.4
scenll-f6 |[n| 74,879 5,220 6,292 qwh20-166-3 | 227,422 | 15,480 | 63,229
t 194.2 148.4 22.3 571.1 38.0 176.5
scenll-f5 |n| 321,435 | 44,043 70,677 ||qwh20-166-4| 34,507 | 6,535 | 11,308
t 821.4 920.0 233.1 75.8 11.4 19.7
scenll-f4 |n| 1,110,401 251,304 | 219,795 ||qwh20-166-5| 776,067 | 13,650 | 56,072
t| 2,714.7 | 4,739.7 708.1 1,882.7| 30.9 137.2
games120-8n| 228,529 93,940 93,908 || gqwh20-166-6 - 45,947 | 154,332
t 28.1 26.9 119 >2h. 182.5 | 442.8
anna-8 n| 228,497 | 93,894 93,858 ||qwh20-166-7 | 88,429 | 9,026 | 10,945
t 112.6 294.5 31.2 205.4 19.5 20.8
homer-8 n| 228,495 | 93,906 93,872 ||qwh20-166-8 | 70,945 | 27,281 | 12,565
t 509.0 996,4 110,4 158.7 84.0 21.9
myciel5-5 |n|22,640,35822,640,35822,640,358 frb40-19 170,345| 46,238 | 45,266
t| 1,394.6 | 2,534.4 | 2,276.4 74.1 162.8 | 112.3
4-fullins-4-6| n 9,354 4,070 5,985 geo050-20-75-1 548,208 | 164,036|230,374
t 76.7 134.3 60.1 389.3 | 1,116.4| 852.6

maxRPC on RLFA, graph coloring, and random prob- to solve four sample instances belonging to different
lems. H, manages to combine the strengths of the two problem classes. Each instance was solved in a single
methods as it can be significantly faster than both AC run of search, i.e. there were no restarts.

and maxRPC on several instances while it rarely per-  As the value ofl increases, the number of visited
forms considerably worse than any of them. Note that nodes decreases in all four instances for bithand

the “quasigroup with holes” instances where maxRPC H,. This is to be expected as larger values! din-

can outperform K, by a large margin are all soluble.  ply the application of maxRPC in more constraint re-
Hence, two different algorithms may discover differ- visions. It is notable however that the number of nodes
ent solutions. As we explain in the next section, an- more or less stabilizes after a certain valué,afhich
other reason for the dominance of maxRPC ovgf H  may vary from instance to instance. In the casélof

on these problems may be related to the value of the this value is low (around 10 for all four instances) sug-
user-defined bounds fdif; and H> (100 and 10 may  gesting that allowing for a only a few redundant revi-

be too low). sions after a fruitful one is enough to maximize the effi-
ciency of adaptive propagation through. In the case
5.3. Semi-automated Heuristics of H, the number of nodes seems to stabilize at around

[ = 100 except for the quasigroup problem where it
In this section we study the effect that the user continues to fall even for > 1000.
defined bounds have on the performance of semi- Regarding cpu times, some interesting observations
automated heuristics. Figure 6 displays search effortin can be made. As expected, for low values!afpu
visited nodes and cpu time against the valuéwhen times are closer to those of AC which means that they
heuristics H (top plots) and H (bottom plots) are used  are worse for structured problems but better for ran-
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Fig. 6. Node visits (left) and cpu times (right) for; Htop) and K (bottom).

dom ones. It is interesting that on structured problems  More experiments are required in the future to better

heuristic H, can notably improve on the performance understand the effect that the values oftparameters

of AC even for values of as low as 1. This is the case  have on the performance of semi-automated heuristics.
with the RLFAP and the graph coloring problem. After  This is important as the semi-automated versions of

a relatively small value of (again around 10) there is  the proposed heuristics seem to be considerably bet-

no notable improvement in the performance®f. On ter than the fully-automated ones. Another possibility
the contrary, agincreases beyond 10 the performance that is worth exploring is the automatic adjustment of
is in some cases degraded (e.g. RLFAP). during search considering that small valueg whply

Cpu times for heuristid{; follow a similar pattern ~ performance closer to the weak consistehicywhile
to node visits in the case of the three structured in- higher values imply more regular use of the strong con-
stances. That is, they tend to stabilize for the RLFAP sistencysS. Hence, it is probable that we would prefer
and the graph coloring problem at aroung 100 but a high value for in certain parts of the search space
continue to fall ag increases for the quasigroup prob- (€.9. near the top of the search tree) while a low value
lem. Relating the performance &, on the quasigroup ~ 0f I might be preferable in other parts.
problem to the data of Table 1, we can derive a possi-
ble explanation for this. The standard deviation in the
clusters of propagation events in quasigroup problems 6. Related Work
is quite high compared to RLFAPs and graph coloring
problems. This suggests that clusters are not as dense Building adaptive constraint solvers is a topic that
which means that DWO-revisions are not as close to has attracted considerable interest in the literature (see
one another. Hence, a higher value lofs required for example [5,21,14,17]). Part of this interest has been
to achieve better performance. Finally, in the case of directed to the dynamic adaptation of constraint prop-
the quasi-random geometric problem the cpu time in- agation during search. The most common manifesta-
creases akincreases. tion of this idea is the use of different propagators
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for different types of domain reductions in arithmetic consistency achieved on individual constraints during
constraints. When handling arithmetic constraints most search. However, neither [13] or any of other works
solvers differentiate between events such as remov- mentioned use information about failures captured in
ing a value from the middle of a domain, or from a the form of DWOs to achieve this. Besides, to the best
bound of a domain, or reducing a domain to a single- of our knowledge, although many levels of consistency
ton, and apply suitable propagators accordingly. Works stronger than AC have been proposed, they have not
on adaptive propagation for general constraints include peen studied in this context before (i.e evoking them

El Sakkout et al. proposed a scheme cakeldp-

tive arc propagatiorfor dynamically deciding whether
to process individual constraints using AC or forward
checking [13].Anti-functional reductioris an instan-
tiation of this scheme that achieves the same level of
consistency as AC but avoids some redundant over- We have proposed a number of simple lightweight
heads. Freuder and Wallace proposed a technique,heuristics for dynamically switching between differ-
calledselective relaxatiomhich can be used to restrict ~ ent constraint propagation methods applied on individ-
AC propagation based on two local criteria; the dis- ual constraints during search. These heuristics moni-
tance in the constraint graph of any variable from the tor propagation events like DWOs and value deletions
currently instantiated one, and the proportion of values caused by the constraints and react by changing the
deleted [15]. Chmeiss and Sais presented a backtrackpropagation method when certain conditions are met.
search algorithm, MAC (disk), that also uses a dis-  The inspiration behind the development of the heuris-
tance parametdras a bound to maintain a partial form  tics was based on observing the activity of the con-
of AC [9]. straints when using a conflict-driven search heuristic.
Schulte and Stuckey proposed techniques for dy- As we demonstrated, DWOs and value deletions in
namically selecting which propagator to apply to @ structured problems mostly occur in clusters of consec-
given constraint using priorities and staged propagators e of nearby revisions. This can be taken advantage
[24,25]. Their proposed methods either select a single of 1o increase or decrease the level of consistency ap-
propagator from a given set or propagators or choose pjieq when a constraint is highly active or inactive re-
the order in which the propagator SFages W'I_I be applied spectively. Experimental results from various domains
[25]. These methods are based on Interpreting the.evemdisplayed the usefulness of the proposed heuristics.
that triggers propagation for a constraint at any pointin The work presented here is only a first step towards

time, such as the reduction of a domain to a singleton designing adaptive constraint propagation heuristics

or the removal of a value from a bound of a domain. L : .
) ) that can efficiently switch between different levels of
On the other hand, our approach is based on monitor- ) L . .
local consistency using information gathered during

ing the history of constraint propagation starting from L
prgeprocessing and continuin% tr?rogughout searcgh. Sim- search. There are sevgral dllrect|on_s for future work.
ilar ideas to the ones of [25] are also implemented in F_or ex"?‘mp'e’ we can |nvest|gate_ different local con-
constraint solvers such as Choco [18]. S|sten(_:|es for blnary a}nd non-blr!ar.y proble_ms, try
Probabilistic arc consistencis a scheme that can to devise more sophisticated heuristics, and integrate
help avoid some consistency checks and constraint re- With existing related works (e.g. [20]). Also, it would
visions that are unlikely to cause any domain pruning be interesting to study the interaction of adaptive
[20]. As in [13], the scheme is based on information Propagation with other adaptive branching heuristics
gathered by examining the supports of values in con- apart from dom/wdeg. For example, the impact-based
straints which can be very expensive for non-binary heuristics of [22] and the explanation-based heuristics
constraints. of [8].
Szymanek and Lecoutre studied ways to select val-
ues on which to apply “shaving” (i.e. make the values
SAC) using the semantics of global constraints (e.g. References
alldifferent) to suggest values that are most likely to be
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