
Speeding up constrained path solvers with a
reachabilit y propagator

Luis Quesada,Peter Van Roy, and YvesDeville

Univ ersit�e catholique de Louvain
Place Sainte Barbe, 2, B-1348 Louvain-la-Neuve, Belgium

f luque, pvr, ydeg@info.ucl.ac.be

Abstract. Constrained path problems have to do with �nding paths in
graphs subject to constraints. One way of constraining the graph is by
enforcing reachabilit y on nodes. For instance, it may be required that
a node reaches a particular set of nodes by respecting somerestrictions
lik e visiting a particular set of nodes or edges and using less than a
certain amount of resources.The reachabilit y constraints of this paper
were suggestedby a practical problem regarding mission planning in the
context of an industrial project.
We deal with this problem by using concurrent constraint programming
where the problem is solved by interleaving Propagation and Distribu-
tion. In this paper, we de�ne a propagator which we call Reachability
that implements a generalized reachabilit y constraint on a graph. The
Reachability constraint has two parts. First, it implements a relation be-
tweeneach node of g (the graph that is being constrained) and the set of
nodes that it reaches. Second,given a source node source in g, Reacha-
bility associates each pair of nodes hsource;i i with the set of nodes and
the set of edgesthat are included in all paths going from source to i .
We show the e�ectiv enessof our Reachability propagator by applying
it to the Hamiltonian Path problem. We do an experimental evaluation
of Reachability that shows that it provides strong pruning, obtaining
solutions with very little search. Furthermore, we show that Reachabil-
ity is also useful for de�ning a good distribution strategy and dealing
with ordering constraints among mandatory nodes. These experimental
results give evidence that Reachability is a useful primitiv e for solving
constrained path problems over graphs.

1 In tro duction

Constrained path problems have to do with �nding paths in graphs subject
to constraints. One way of constraining the graph is by enforcing reachabil-
it y on nodes. For instance, it may be required that a node reaches a par-
ticular set of nodes by respecting some restrictions like visiting a particular
set of nodes or edgesand using less than a certain amount of resources.We
have instancesof this problem in Vehicle routing [PGPR96][CL97] [FLM99] and
Bioinformatics[DDD04].
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An approach to solve this problem is by using Concurrent Constraint Pro-
gramming (CCP) [Sch00],[M•01]. In CCP, we solve the problem by interleaving
two processes:propagation and distribution. In Propagation, we are interested
in �ltering the domains of a set of �nite domain variables according to the se-
mantics of the constraints that have to be respected. In Distribution, we are
interested in specifying which alternativ e should be selectedwhen searching for
the solution.

Our goal is to implement so-calledConstrained Path Propagators (CPPs) for
achieving global consistency[Dec03]. In this paper, we de�ne a propagator which
we call Reachability that implements a generalizedreachabilit y constraint on a
graph. The Reachability constraint has two parts. First, it implements a relation
betweeneach node of g (the graph that is being constrained) and the set of nodes
that it reaches.Second,given a sourcenode source in g, Reachability associates
each pair of nodeshsource;i i with the set of nodesand the set of edgesthat are
included in all paths going from source to i .

Our contribution is a propagator that is suitable for solving Hamiltonian
Path with optional nodes (i.e., we are not forced to visit all the nodes of the
graph but a subset of them). Certainly, this problem can be trivially solved
if the graph has no cycles since in that casethere is only one order in which
we can visit the mandatory nodes [Sel02]. However, if the graph has cyclesthe
problem becomesNP complete sincewe can easily reduce the standard version
of Hamiltonian Path [GJ79][CLR90] to this problem.

From our experimental measurements in Section 4, we observe that the suit-
abilit y of Reachability for dealing with Hamiltonian Path with optional nodesis
basedon the following aspects:

{ The strong pruning that Reachability performs. Due to the computation
of cut nodes and bridges (i.e., nodes and edgesthat are present in all the
paths going from a given node to another), Reachability is able to discover
non-viable successorsearly on. It is important to remark that Reachability
is a complete propagator (i.e., it prunes all the non-valid values that it is
supposedto prune under a given partial instantiation of its arguments).

{ The information that Reachability provides for implementing smart distri-
bution strategies.By distribution strategy we mean the way the search tree
is created, i.e., which constraint is usedto for branching. Reachability asso-
ciateseach node with the set of nodesthat reaches.This information can be
usedto guide the search in a smart way. For instance,oneof our observations
is that, when choosing �rst the node that reaches the most nodes (i ) and
selectingas a successorof i �rst a node that i reaches,we obtain paths that
minimize the useof optional nodes.

An additional feature of Reachability is its suitabilit y for imposing ordering
constraints among mandatory nodes(which is a common issuein routing prob-
lems). In fact, it might be the casethat we have to visit the nodesof the graph in
a particular (partial) order. We forcea node i to be visited �rst than a node j by
imposing that i reachesj and j reachesi . We have performed experiments that
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show that Reachability takes the most advantage of this information to avoid
branchesin the search tree with no solution.

The structure of the paper is as follows: �rst, we intro duce Reachability by
presenting its semantics and deriving pruning rules in a systematic way. Then,
we show how we can model Hamiltonian Path with optional nodes in terms of
Reachability. Finally, we show examplesthat demonstratethe suitabilit y and the
performanceof Reachability for this type of problem, and we also elaborate on
somealternativ esthat could radically improve the performanceof Reachability.

2 Reachabilit y propagator

Reachability is an exampleof a constrained path propagator. On the one hand,
Reachability establishesa relation betweeneach node of g and the set of nodes
that it reaches.On the other hand, given a sourcenode source in g, Reachability
associates each pair of nodes hsource;i i with the set of nodes and the set of
edgesthat are included in all paths going from source to i .

2.1 Reachabilit y Constrain t

The Reachabilit y Constraint is the following:

Reachability (g; source;rn; cn; be) �

8i 2 N :Reach(g; i ) = rn(i )^
8i 2 r n (sour ce) :
cn(i ) = CutN odes(g; source;i )^
be(i ) = B r idges(g; source;i )

(1)

Where:

{ g is a graph whoseset of nodesis a subsetof N .
{ source is a node of g.
{ r n(i ) is the set of nodes that i reaches.
{ cn(i ) is the set of nodesappearing in all paths going from source to i .
{ be(i ) is the set of edgesappearing in all paths going from source to i .
{ Reach, Paths, CutNodesand Bridges are functions that can be formally de-

�ned as follows:

j 2 Reach(g; i ) $ 9p:p 2 Paths(g; i; j ) (2)

p 2 Paths(g; i; j ) $

8
>>>><

>>>>:

if i = j then i 2 nodes(g) ^ p = �

if i 6= j then 9k ;p0:
hi; ki 2 edges(g)^
p = hi; ki # p0̂

p0 2 Paths(g; k; j )

(3)
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k 2 CutN odes(g; i; j ) $ 8p2 P aths (g;i;j ) :k 2 nodes(p) (4)

e 2 B r idges(g; i; j ) $ 8p2 P aths (g;i;j ) :e 2 edges(p) (5)

The above de�nition of Reachability implies the following properties which
are crucial for the pruning that Reachability perform:

1. If hi; j i is an edgeof g, then i reachesj .

8hi;j i2 edges(g) :j 2 rn(i ) (6)

2. If i reachesj , i reachesall the nodesthat j reaches.

8i;j;k 2 N :j 2 rn(i ) ^ k 2 rn(j ) ! k 2 rn(i ) (7)

3. If i reachesj and k is a cut node betweeni to j in g, then k is reached from
i and k reachesj :

8i;j 2 N :i 2 rn(source) ^ j 2 cn(i ) ! j 2 rn(source) ^ i 2 rn(j ) (8)

4. Reached nodes,cut nodesand bridges are nodesand edgesof g:

8i 2 N :r n(i ) � nodes(g) (9)

8i 2 N :cn(i ) � nodes(g) (10)

8i 2 N :be(i ) � edges(g) (11)

2.2 Pruning rules

We implement the constraint in Equation 1 with the propagator

Reachability (G; Source;RN; CN; B E) (12)

In this propagator we have that:

{ G is a graph variable[DDD04] whoseupper bound (max(G)) is the greatest
graph to which G can be instantiated, and lower bound (min (G)) is the
smallest graph to which G can be instantiated. So, i 2 nodes(G) means
i 2 nodes(min (G)) and i 62nodes(G) meansi 62nodes(max(G)) (the same
applies for edges).In what follows, fhN1; E1 i # hN2; E2 ig will denotea graph
variable whoselower bound is hN1; E1 i and upper bound is hN2; E2i .

{ Source is an integer representing the sourcein the graph.
{ RN (i ) is a Finite Integer Set (FS) [DKH + 99] variable associated with the

set of nodes that can be reached from node i . The upper bound of this
variable (max(RN (i ))) is the set of nodes that could be reached from node
i (i.e., nodes that are not in the upper bound are nodes that are known to
be unreachable from i ). The lower bound (min (RN (i ))) is the set of nodes
that are known to be reachable from node i . In what follows f S1# S2g will
denote a FS variable whoselower bound is S1 and upper bound S2.
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{ CN (i ) is a FS variable associated with the set of nodesthat are included in
every path going from Source to i .

{ B E(i ) is a FS variable associated with the set of edgesthat are included in
every path going from Source to i .

The de�nition of Reachability and its derived properties give placeto a set of
propagation rules. The pruning rules are obtained by considering the following
rewriting rules:

P1 ^ P2 ^ ::: ^ Pn ! R
: R ^ P1 ^ ::: ^ Pi � 1 ^ Pi +1 ::: ^ Pn ! : Pi

(13)

P ! Q1 ^ Q2 ^ ::: ^ Qi ^ ::: ^ Qn

P ! Qi
(14)

i 2 S
i 2 min (S)

(15)
i 62S

i 62max(S)
(16)

S1 = S2

min (S1) = min (S2)
max(S1) = max(S2)

(17)
S1 � S2

min (S1) � min (S2)
max(S1) � max(S2)

(18)

The pruning rules are the following:

{ From (6) 8hi;j i2 edges(g) :j 2 rn(i ) we obtain:

hi; j i 2 edges(min (G))
j 2 min (RN (i ))

(19)

j 62max(RN (i ))
hi; j i 62edges(max(G))

(20)

{ From (7) 8i;j;k 2 N :j 2 rn(i ) ^ k 2 rn(j ) ! k 2 rn(i ) we obtain:

j 2 min (RN (i )) ^ k 2 min (RN (j ))
k 2 min (RN (i ))

(21)

k 62max(RN (i )) ^ j 2 min (RN (i ))
k 62max(RN (j ))

(22)

k 62max(RN (i )) ^ k 2 min (RN (j ))
j 62max(RN (i ))

(23)

{ From (8)8i;j 2 N :i 2 rn(source) ^ j 2 cn(i ) ! j 2 rn(source) ^ i 2 rn(j ) we
obtain:

i 2 min (RN (Source)) ^ j 2 min (CN (i ))
j 2 min (RN (Source))

(24)

j 62max(RN (Source)) ^ j 2 min (CN (i ))
i 62max(RN (Source))

(25)
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j 62max(RN (Source)) ^ i 2 min (RN (Source))
j 62max(CN (i ))

(26)

i 2 min (RN (Source)) ^ j 2 min (CN (i ))
i 2 min (RN (j ))

(27)

i 62max(RN (j )) ^ j 2 min (CN (i ))
i 62max(RN (Source))

(28)

i 62max(RN (j )) ^ i 2 min (RN (Source))
j 62max(CN (i ))

(29)

{ From (1)8i 2 N :Reach(g; i ) = rn(i ) we obtain:

j 62Reach(max(G); i )
j 62max(RN (i ))

(30)

{ From (1)8i 2 r n (sour ce) :cn(i ) = CutN odes(g; source;i ) we obtain:

j 2 CutN odes(max(G); Source;i )
j 2 min (CN (i ))

(31)

j 62CutN odes(min (G); Source;i )
j 62max(CN (i ))

(32)

{ From (1)8i 2 r n (sour ce) :be(i ) = B r idges(g; source;i ) we obtain:

e 2 B r idges(max(G); Source;i )
e 2 min (B E(i ))

(33)

e 62B r idges(min (G); Source;i )
e 62max(B E(i ))

(34)

{ From (9) 8i 2 N :r n(i ) � nodes(g), (10)8i 2 N :cn(i ) � nodes(g) and (11)8i 2 N :be(i ) �
edges(g) we obtain:

k 2 min (RN (i ))
k 2 nodes(min (G))

(35)
k 62nodes(max(G))

k 62max(RN (i ))
(36)

k 2 min (CN (i ))
k 2 nodes(min (G))

(37)
k 62nodes(max(G))

k 62max(CN (i ))
(38)

e 2 min (B E(i ))
e 2 edges(min (G))

(39)
e 62edges(max(G))

e 62max(B E(i ))
(40)



Lecture Notes in Computer Science 7

2.3 Complexit y and Lev el of Consistency

In our pruning rules we have three functions:

{ Reach that is O(V + E) sinceit is basically a call to DFS [CLR90].
{ CutNodeswhosealgorithm is basedon the following de�nition:

k 2 CutN odes(g; i; j ) $ j 62Reach(RemoveNode(g; k); i ) (41)

So, checking whether a node is a cut node is O(V + E). Notice that we
assumethat RemoveNodereturns the samegraph when k 62nodes(g).

{ Bridges whosealgorithm is basedon the following de�nition:

e 2 B r idges(g; i; j ) $ j 62Reach(RemoveEdge(g; e); i ) (42)

So,checking whether an edgeis a bridge is O(V + E). Notice that we assume
that RemoveEdge returns the samegraph when e 62edges(g).

Notice that Reachability is a complete propagator. This a�rmation is based
on the following facts:

{ If i reaches j in min (G) the presenceof j in the lower bound of RN is
ensuredby the pruning rules derived from Property 7 and 8.

{ If i does not reach j in max(G) the removal of j from the upper bound of
RN is ensuredby Rule 34

{ If i is a cut node, Rule 31 ensuresthe presenceof it in the lower bound of
CN .

{ If i is not a cut node, Rule 32 ensuresthe removal of it from the upper bound
of CN .

{ If e is a bridge, Rule 33 ensuresthe presenceof it in the lower bound of B E.
{ If e is not a bridge, Rule 34 ensuresthe removal of it from the upper bound

of B E.

3 Solving Hamiltonian Path with Reachability

In this section we will elaborate on the important role that Reachability can
play in solving Hamiltonian Path (i.e., �nding a path in a directed graph where
all the nodesare visited [GJ79][CLR90]). The contribution of Reachability con-
sists in discovering nodes/edgesthat are part of the Hamiltonian path early on.
This information is obtained by computing the cut nodes and bridges in each
distribution step. Let us consider the following two cases:

{ Consider the graph variable on the left of Figure 1. Assume that node 1
reachesnode 9. This information is enoughto infer that:

� 5 belongsto the graph.
� 1 reaches5
� 5 reaches9
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Fig. 1. Discovering cut nodes

{ Consider the graph variable on the left of Figure 2. Assume that node
1 reaches node 5. This information is enough to infer that edgesh1; 2i ,
h2; 3i ,h3; 4i and h4; 5i are in the graph, which implies that:

� node 1 reachesnodes1,2,3,4,5.
� node 2 at least reachesnodes2,3,4,5.
� node 3 at least reachesnodes3,4,5.
� node 4 at least reachesnodes4,5.

Fig. 2. Discovering bridges

Consider the following de�nition of Hamiltonian Path with optional nodes:
given a directed graph g, a sourcenode source, a destination node dest, and a
set of mandatory nodesmandnodes, �nd a path in g that goes from source to
dest, going through mandnodes and visiting each node only once.

Notice that the standard Hamiltonian Path (i.e., the one where we have to
visit all the nodes) can be reduced to this problem by de�ning mandnodes as
nodes(g) � f source;destg.

The above de�nition of Hamiltonian Path with optional nodes can be for-
mally de�ned as follows:

H am(g; source;dest;mandnodes;p) $
p 2 Paths(g; source;dest)
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N oCycle(p)
mandnodes� nodes(p)

Where:

N oCycle(p) $ N oCycle0(p; ; )

N oCycle0(p;ns) $

8
>>>>>><

>>>>>>:

p = �

p = hi; j i # p0̂

ns0 = f ig [ ns^
j 62ns0̂

N oCycle0(p0; ns0)

(43)

Hamiltonian Path canbe solvedby usingAllDi� [R�eg94] and NoCycle[CL97].
It is however possibleto state redundant constraints inducing a better pruning.
We can easily show that:

H am(g; source;dest;mandnodes;p) !
Reachability (p;source;rn; cn; be)^
dest 2 rn(source)^
cn(dest) � mandnodes

(44)
since the destination is reached by the source and the path contains the

mandatory nodes.
The two algorithms are summarized in Table 1 and compared in the next

section.Notice that, even though the computation of bridgesplays a crucial role
in the pruning that Reachability performs, we do not usethe beargument in the
secondalgorithm. In fact be can play an important role in solving Constrained
Euler Path problems(i.e., problemswherethe objective is to �nd a path visiting
a set of edgesby respecting someadditional constraints).

Algorithm 1 Algorithm 2
H am(g; source;dest; mandnodes; p) H am(g; source;dest; mandnodes; p)

Reachability (p;source;r n; cn; be)
dest 2 r n(source)
cn(dest) � mandnodes

Table 1. Two approaches for solving Hamiltonian Path

4 Exp erimen tal Results

In this section we present a set of experiments that show that Reachability is
suitable for Hamiltonian Path with optional nodes.I.e., in our experiments Algo-
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rithm 2 (in Table 1) outperforms Algorithm 1. Theseexperiments alsoshow that
Hamiltonian Path with optional nodes tends to be harder when the number of
optional nodesincreasesif they are uniformly distributed in the graph. We have
alsoobserved that the distribution strategy that we implement with Reachability
tends to minimize the useof optional nodes(which is a common needwhen the
resourcesare limited).

In Table 2, we de�ne the instanceson which we made the tests of Table 3.
The column Order is true for the instanceswhosemandatory nodesare visited
in the order given. The time, in Table 2 is measuredin seconds.The number of
failures meansthe number of failed alternativ estried beforegetting the solution.

Name Figure Source Destination Mand. No des Order

Ham 22 3 1 22 4 7 10 16 18 21 false
Ham 22full 4 1 22 all false
Ham 52a 5 1 52 11 13 24 39 45 false
Ham 52b 5 1 52 4 5 7 13 16 19 22 false

24 29 33 36 39 44 45 49
Ham 52full 6 1 52 all false
Ham 52Order a 5 1 52 45 39 24 13 11 true
Ham 52Order b 5 1 52 11 13 24 39 45 true

Table 2. Hamiltonian Path instances

Fig. 3. Ham 22:A path from 1 to 22 visiting 4 7 10 16 18 21

Table 3 is a summary of the tests that we have performed. Notice that
Ham 52Order b has no solution. In our experiments, we have made �v e typesof
tests:
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Fig. 4. Ham 22full:A path from 1 to 22 visiting all the nodes

Fig. 5. Ham 52b:A path from 1 to 52 visiting 11 13 24 39 45

Problem Ham Ham+R+CN Ham+R+BE Ham+R Ham+R+CN+BE

Instance Figure F ailures Time F ailures Time F ailures Time F ailures Time F ailures Time

Ham 22 3 +130000 +1800 40 6.55 70 13.76 91 6.81 13 4.45

Ham 22full 4 213 1.44 0 0.42 19 2.76 19 0.95 0 1.22

Ham 52b +700 +1800 +1000 +1800 +900 +1800 100 402

Ham 52full 6 3012 143 3 8.51 +700 1800 774 765 3 45.03

Ham 52Order a 5 +12000 +1800 55 81 27 97 51 46.33 16 57.07

Ham 52Order b +12000 +1800 81 157 +400 +1800 +1500 +1800 41 117

Table 3. Hamiltonian Path tests

{ Using Ham without Reachability (column \Ham").

{ Using Ham and Reachability but without computing bridges(column \Ham+R+CN").
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Fig. 6. Ham 52full:A path from 1 to 52 visiting all the nodes

{ Using Ham and Reachability but without computing cut nodes (column
\Ham+R+BE").

{ Using Ham and Reachability but without computing cut nodes nor bridges
(column \Ham+R").

{ Using Ham and Reachability (column \Ham+R+CN+BE").

As it can be observed in Table 3, we were not able to get a solution for
Ham 22 in lessthan 30 minutes without using Reachability. In fact, we did not
even try to solve Ham 52b without it. However, even though the number of
failures is still inferior, the use of Reachability does not save too much time
when dealing with mandatory nodes only. This is due to the fact that we are
basing our implementation of Ham on two things:

{ The useAllDi� [R�eg94] that lets us e�cien tly remove brancheswhen there
is no possibility of associating di�eren t successorsto the nodes.

{ The useNoCycle [CL97] that avoids re-visiting nodes.

The reasonwhy Ham does not perform well with optional nodes is because
we are no longer able to imposethe global AllDi� constrain on the successors
of the nodes since we do not know a priori which nodes are going to be used.
In fact, one thing that we observed is that the problem tends to be harder to
solve when the number of optional nodesincreases.In Table 4, all the tests were
performed using Reachability on the graph of the 52 nodes.

Even though, in Ham 22, the bene�t causedby the computation of bridges
is not that signi�can t, we were not able to obtain a solution for Ham 52b in
lessthan 30 minutes, while we obtained a solution in 402secondsby computing
bridges. So, even though the computation of bridges is extremely costly (one
order higher than the computation of cut nodes), that computation pays o� in
most of the cases.
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Opt. No des Failures Time
5 30 89
10 42 129
15 158 514
20 210 693
25 330 1152
32 101 399
37 100 402
42 731 3518
47 598 3046

Table 4. Performance when dealing with optional nodes with Reachability

4.1 Implemen tation of Reachability

Reachability has been implemented using a messagepassing approach on top
of the multi-paradigm programming languageOz [Moz04]. I.e., Reachability is
a multi-agent system where agents interchange synchronous and asynchronous
messagesand their transition state functions rely on data 
o w and constraint
programming primitiv es [VH03]. In fact, we have already found this approach
quite appropriate for implementing global constraints [QGV03].

An important aspect of our implementation is the utilization of a batch ap-
proach for the computation of cut nodesand bridges. I.e., we do not compute cut
nodesand bridgeseach time an edgeis added/removedfrom the the lower/upp er
bound of the graph variable. Instead, we wait until having a certain amount of
changesin the lower/upp er bound for computing the cut nodesand bridges.

4.2 Distribution Strategy

Reachability provides interesting information for implementing smart distribu-
tion strategiesdue to that fact that it associateseach node with the set of nodes
that it reaches.This information can be usedto guide the search in a smart way.
For instance, we observed that, when choosing �rst the node that reaches the
most nodes,we obtain paths that minimize the useof optional nodes(as it can
be observed in Figure 5).

4.3 Imp osing order on no des

An additional feature of Reachability is the suitabilit y for imposingdependencies
on nodes(which is a commonissuein routing problems). In fact, it might be the
casethat we have to visit the nodesof the graph in a particular (partial) order.

Our way of forcing a nodei to bevisited �rst than a nodej is by imposingthat
i reaches j and j does not reach i . The tests on the instancesHam 52Order a
and Ham 52Order b show that Reachability takes the most advantage of this
information to avoid branches in the search tree with no solution. Notice that
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we are able to solve Ham 52Order a (which is an extensionof Ham 52a) in 57.07
seconds.We are also able to detect the inconsistencyof Ham 52Order b in 117
seconds.

Our implementation of NoCycle maintains, for each node, a FS variable for
keepingtrack of the reached nodes.I.e., NoCyclehas its own RN becausewhen-
ever it is known that i reaches j NoCycle imposesthe constraint that i is not
in the nodes that j reaches.So, we can usethe sameapproach for dealing with
orderings sincethe reached nodessetsare computed anyway.

The reason why Reachability does so well is becauseof the fact explained
in �gures 1 and 2. In particular, the reason why the computation of bridges
is important is becauseit can infer orders on the nodes in caseswhere the
computation of cut nodescan not (as shown in Figure 2).

5 Conclusion and Future Work

We presented Reachability: a constrained path propagator that can be used for
speedingup constrainedpath solver. After intro ducing its semantics and pruning
rules, we showed how the useof Reachability can speedup a standard approach
for dealing with Hamiltonian Path.

Our experiments show that the gain is increasedwith the presenceof optional
nodes.This is basically becausewe are no longer able to apply the global AllDi�
sincewe do not know a priori which nodesparticipate in the path.

From our observations, we infer that the suitabilit y of Reachability is based
on the strong pruning that it performs and the information that it provides for
implementing smart distribution strategies. We also found that Reachability is
appropriate for imposing dependencieson nodes.Certainly, we still have to see
whether our conclusionsapply to other typesof graphs.

It is important to remark that both the computation of cut nodes and the
computation of bridgesplay an essential role in the performanceof Reachability.
The reason is that each one is able to prune when the other can not. Notice
that Figure 1 is a context where the computation of bridges cannot infer any-
thing sincethere is no bridge. Similarly, Figure 2 represents a context where the
computation of bridges discover more information than the computation of cut
nodes.

A drawback of our approach is that each time we compute cut nodes and
bridges from scratch, sooneof our next tasks is to overcomethis limitation. I.e.,
given a graph g, how can we usethe fact that the set of cut nodesbetweeni and
j is s for recomputing the set of cut nodesbetweeni and j after the removal of
someedges?.So far, we have not beenable to �nd a satisfactory answer to this
question. But we believe that a dynamic algorithm for computing cut nodesand
bridges will improve our performancein a radical way.

As mentioned before, the implementation of Reachability was suggestedby
a practical problem regarding mission planning in the context of an industrial
project. Our future work will concentrate on making propagators like Reacha-
bility suitable for non-monotonic environments (i.e., environments where con-
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straints can be removed). Instead of starting from scratch when such changes
take place,what we want is to usethe pruning previously performed in order to
repair the pruning.
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