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Abstract Iterative Flattening Search (IFS) is a meta-heuristic
strategy for solving multi-capacity scheduling problems.Given
an initial solution,IFS iteratively applies: (1) arelaxation-
step, in which a subset of scheduling decisions are randomly
retracted from the current solution; and (2) aflattening-step,
in which a new solution is incrementally recomputed from
this partial schedule. Whenever a better solution is found,
it is retained, and, upon termination, the best solution found
during the search is returned. Prior research has shownIFS to
be an effective and scalable heuristic procedure for minimiz-
ing schedule makespan in multi-capacity resource settings.

In this paper we experimentally investigate the impact
on IFS performance of algorithmic variants of the flattening
step. The variants considered are distinguished by different
computational requirements and correspondingly vary in the
type and depth of search performed. The analysis is cen-
tered around the idea that given a time bound to the over-
all optimization procedure, theIFS optimization process is
driven by two different and contrasting mechanisms: the ran-
dom sampling performed by iteratively applying the “relax-
ation/flattening” cycle and the search conducted within the
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constituent flattening procedure. On one hand, one might
expect that efficiency of the flattening process is key: the
faster the flattening procedure, the greater the number of it-
erations (and number of sampled solutions) for a given time
bound; and hence the greater the probability of finding bet-
ter quality solutions. On the other hand, the use of more ac-
curate (and more costly) flattening procedures can increase
the probability of obtaining better quality solutions evenif
their greater computational cost reduces the number ofIFS

iterations. Comparative results on well-studied benchmark
problems are presented that clarify this tradeoff with respect
to previously proposed flattening strategies, identify quali-
tative guidelines for the design of effectiveIFS procedures,
and suggest some new directions for future work in this area.

Keywords Scheduling· meta-heuristics· iterative sampling

1 Introduction

Given the complexity of the scheduling problem, research
has investigated several non-systematic solution approaches
to various classes of problems. Stochastic local search [Hoos
and Stützle, 2005], for example, is a broad category of such
approaches that includes many specific techniques. In this
paper, we focus on one family of techniques referred to as
Iterative Flattening Search (IFS). IFS was first introduced in
[Cesta et al., 2000] as a scalable procedure for solving multi-
capacity scheduling problems.IFS is an iterative improve-
ment heuristic designed to minimize schedule makespan.
Given an initial solution,IFS iteratively applies two-steps:
(1) a subset of solving decisions are randomly retracted from
a current solution (referred to as therelaxation-step); (2) a
new solution is then incrementally recomputed (referred to
as theflattening-step).

The originalIFS procedure was extended in two subse-
quent works, each of which proposed refinements to the ba-
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sic search schema. In [Michel and Van Hentenryck, 2004]
an anomaly in the original algorithm was identified, and a
simple extension (iterate the relaxation step multiple times)
was introduced which substantially improved the quality of
the schedules generated while preserving computational ef-
ficiency. In [Godard et al., 2005] additional optimal solu-
tions and improvements to known upper-bounds for the ref-
erence benchmark problems were obtained, following from
the substitution of different algorithmic components for the
component flattening and relaxation steps.

More recently Oddi et al. [2008] initiated a systematic
study aimed at evaluating the effectiveness of singlecom-
ponentstrategies within the same uniform software frame-
work. In this work a genericIFS procedure was defined and
component strategies taken from previous works were im-
plemented and evaluated in this uniform framework. In par-
ticular, the utility of operating with different relaxation strate-
gies was analyzed. Experimental results shed light on rela-
tive performance of the previously proposed relaxation pro-
cedures, and led to the definition of a more effective, com-
posite relaxation strategy.

Fig. 1 graphically illustrates theIFS solving process. A
target search space is shown where the darker areas rep-
resent regions of consistent solutions. The solving process
starts from an initial, inconsistent situation (left-handside
of the picture) and then computes an initial solution (thick
arrow) by applying a FLATTEN operator. Once a solution is
obtained, a perturbation step is taken (dashed arrow) by ap-
plying a RELAX operator to retract one or more decisions
in the current solution. This step moves the solving process
back to an inconsistent situation and implicitly takes a diver-
sification decision. Then, from this new inconsistent state,
a new solution is computed by again applying the FLAT-
TEN operator. Of course, it is possible to perform more than
one relaxation step in a given iteration (as done for exam-
ple by Michel and Van Hentenryck [2004]). Broadly speak-
ing, multiple relaxation steps amplify the diversificationas-
pect and enable exploration of a different set of solutions.
In the figure, the process evolves through the production of
two new solutions by applying the RELAX operator multi-
ple times (2 and 3 respectively). Despite its simplicity, the
IFS approach has several desirable characteristics. One im-
portant aspect is its scalability: empirical results have shown
that the approach can efficiently and effectively solve prob-
lems of significant size. Another valuable property is its abil-
ity to provide solutions at “any time”. The solving process
can be terminated after any FLATTEN step, withIFS simply
returning the current best solution found.

In this paper, we continue the study of component strate-
gies initiated in [Oddi et al., 2008]. We take as our starting
point the best relaxation strategy found in this work, and
focus on the complementary issue of understanding the per-
formance characteristics and relative advantages of differ-

Fig. 1 A high-level description of theIFLAT solving process

ent flattening procedures. Our analysis follows the idea that
once a time bound for the overall optimization procedure
has been fixed, theIFS optimization process is driven by two
different and contrasting mechanisms: the random sampling
[Gomes, 2003, Langley, 1992] performed by application of
the “relaxation/flattening” steps and the search provided by
the constituent flattening procedure. In fact, we can observe
that on any iteration of theIFS loop, a new solution is ran-
domly sampled together with a set ofnearbysolutions (gen-
erated by the flattening procedure). On one hand, one might
expect that efficiency of the flattening process is key: the
faster the flattening procedure, the greater the number of it-
erations (and number of sampled solutions) for a given time
bound; and hence the greater the probability of finding bet-
ter quality solutions. On the other hand, the use of more ac-
curate (and more costly) flattening procedures can increase
the probability of obtaining better quality solutions evenif
their greater computational cost reduces the number ofIFS

iterations. This work attempts to evaluate this tradeoff and
answer the question of whether it is better (for a given time
limit) to maximize the number ofIFS cycles or to rely on
more effective (but slower) flattening procedures.

Plan of the paper.The remainder of the paper is organized
as follows. First, the reference scheduling problem is quickly
introduced. Next theIFS algorithmic template, the relaxation
strategy to be assumed and the set of flattening (solving)
strategies to be analyzed are described. Performance results
are then given which indicate the pros and cons of using flat-
tening procedures of different complexity and effectiveness.
This is followed by a broader discussion of similar algorith-
mic ideas that have appeared in the literature. Finally we
discuss further opportunities for extending and enhancing
the iterative flattening search concept.
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2 The Resource Constrained Scheduling Problem

In this paper we applyIFS to instances of the Resource Con-
strained Scheduling Problem. This is an NP-hard optimiza-
tion problem [Blazewicz et al., 1983] and is formulated as
a set ofn activitiesai (i = 1 . . . n) andr (renewable) re-
sourcesk = 1 . . . r. A constant amount ofck units of re-
sourcek is available at any time. Activityai must be pro-
cessed forpi time units. During this time period a constant
amount ofrik units of resourcek is occupied. Furthermore,
precedence constraints are imposed between activities to de-
scribe a project precedence graph. These are given by rela-
tionsai ≺ aj, whereai ≺ aj means that activityaj cannot
start before activityai is completed. The objective is to de-
termine starting timesSi for the activitiesai (i = 1 . . . n)
in such a way that: (1) for each timet the total resource de-
mand is less than or equal to the resource availabilityck for
each resourcek; (2) all given precedence constraints are sat-
isfied; and (3) the makespanCmax = maxi=1...n{Ci} is
minimized, whereCi = Si + pi is assumed to be the com-
pletion time of activityai.

For the experimental analysis considered later in this
paper, benchmarks problem sets are drawn from two dis-
tinct resource-constrained scheduling problems: the Multi-
Capacity Job Shop Scheduling Problem (MCJSSP) and the
Resource Constrained Project Scheduling Problem (RCPSP).
Indeed, these two problem classes provide benchmark prob-
lems which differ quite significantly both in size and in prob-
lem structure. It is worth mentioning that whileMCJSSPhas
been a standard reference benchmark for comparing theIFS,
the analysis with theRCPSPinstancies represents a unique
contribution of this work.

3 Iterative Flattening Search

As in [Oddi et al., 2008] our goal is to use a uniform imple-
mentation framework to study component procedures that
have been proposed in previousIFS models. The main idea
is to isolate the effects of various component parts ofIFS

algorithms and understand how the effectiveness of parts in-
fluences the effectiveness of the complete algorithm. We fo-
cus in particular on examining the utility of operating with
different flattening strategies, and assume as the reference
relaxation strategy the best strategy found in [Oddi et al.,
2008].

Fig. 2 introduces the genericIFS procedure. The algo-
rithm basically alternates relaxation and flattening stepsun-
til a better solution is found or a maximal number of itera-
tions is executed. The procedure takes two parameters as in-
put: (1) an initial solutionS; (2) a positive integerMaxFail

which specifies the maximum number of non-makespan im-
proving moves that the algorithm will tolerate before ter-
minating. After initialization (Steps 1-2), a solution is re-

IFS(S,MaxFail)
begin
1. Sbest ← S

2. counter ← 0
3. while (counter ≤MaxFail) do
4. RELAX (S)
5. S ←FLATTEN(S)
6. if Mk(S) < Mk(Sbest) then
7. Sbest ← S

8. counter← 0
9. else
10. counter← counter + 1
11. return (Sbest)
end

Fig. 2 The IFS general schema

peatedly modified within the while loop (Steps 3-10) by
the application of the RELAX and FLATTEN procedures. On
each iteration, the RELAX step reintroduces the possibil-
ity of resource contention, and the FLATTEN step then re-
stores resource feasibility by leveling (or flattening) detected
contention peaks(s). In the case a better makespan solution
is found (Step 6), the new solution is saved inSbest and
the counter is reset to0. If no improvement is found in
MaxFail moves, the algorithm terminates and returns the
best solution found.

3.1 Preliminaries

The algorithms we are describing here are all based on a
representation of the basic scheduling problem as a prece-
dence graphG(A, E), whereA is the set of problem ac-
tivities, plus the two fictitious activitiesasource andasink,
andE is the set of directed edges(ai, aj) representing the
set of precedence constraintsai ≺ aj defined among the
nodes inA. A solutionS is given as an extended graphGS

of G, such that an additional set of precedence constraints
is added to “solve” the original problem. Hence, the setE

is partitioned in two subsets,E = Eprob ∪ Epost, where
Eprob is the set of precedence constraints originating from
the problem definition andEpost is the set of precedence
constraints posted to resolve resource conflicts. In general
the directed graphGS(A, E) represents a set of temporal
solutions(S1, S2, . . . , Sn), that is a set of assignments to
the activities’ start-times which are consistent with the set of
constraintsE and the set of imposed resource constraints.

In the following we consider flattening (solving) proce-
dures which output as a solution either (1) a partial order
GS or (2) a set of assignments to the start-times of activ-
ities (S1, S2, . . . , Sn). In the latter case, it easy to elimi-
nate the “solution rigidity” introduced by the absolute tem-
poral constraints inserted as decisions and convert it intoa
graphGS . One way of doing this is to transform the solu-
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Fig. 3 An example of Partial Order Schedule (POS)

tion (S1, S2, . . . , Sn) into a Partial Order Schedule(POS)
[Policella et al., 2007].

The common thread underlying a POS is the character-
istic that activities which require the same resource unitsare
linked via precedence constraints into precedencechains.
Given this structure, each constraint becomes more than just
a simple precedence constraint, but represents aproducer-
consumerrelation, allowing each activity to be connected
with the set of predecessors which supply the units of re-
source it requires for execution. In this way, the resulting
network of chains can be interpreted as aflow of resource
units through the schedule; each time an activity completes
its execution, it passes its resource unit(s) on to its succes-
sors. Fig. 3 shows an example of Partial Order Schedule for
a single resource with capacityc = 5. In particular, activities
are represented as rectangles and edges represent the prece-
dence constraints. The numbers inside the rectangles repre-
sent the resource requirements and the labeling numbers on
the directed edges represents the flow of resource units sup-
plied to a generic activityai from its predecessors in order
to satisfy the imposed resource constraint. For example, the
activity which requires4 units of resource receives2 units
of resource from each of its two predecessors and supplies1

and3 units of resource respectively to its two successors.
In general, a solutionS = GS(A, EPOS) is in POS-

form if for each resourcek there exists a labelling function
fk : EPOS −→ [0..ck] representing the flow of resource
units among the activities such that for each activityai the
following constraint holds:

∑

p∈prec(ai)

fk(p, ai) =
∑

p∈succ(ai)

fk(ai, s) = rik (1)

whereprec(ai) = {p|∃(p, ai) ∈ EPOS)} andsucc(ai) =

{s|∃(ai, s) ∈ EPOS)} exist. 1 Given an input solutionS
(represented either as a graph or as a set of start-time val-
ues) a polynomial transformation method, named CHAIN -
ING, can be defined that creates sets of activitychains[Po-
licella et al., 2007]. This operation can be accomplished in
three steps: (1) all the previously posted leveling constraints
are removed from the input partial order; (2) the activities
are sorted by increasing activity earliest start times; (3)for
each resource and for each activityai (according to the in-
creasing order of start times), one or more predecessorsp

1 pred(asource) = succ(asink) = ∅

CPRELAX (S,pr, MaxRlxs)
begin
1. for k = 1 to MaxRlxs

2. forall (ai, aj) ∈ CriticalPath(S) ∩Epost

3. if random(0,1)< pr

4. then S ← S \ (ai, aj)
end

Fig. 4 Relaxation procedure based on removal from critical path

are chosen, which supplies the units of resource required by
ai – a precedence constraint(p, ai) is posted for each pre-
decessorp. The last step is iterated until all the activities are
linked by precedence chains and the constraints in (1) are
satisfied.

3.2 Relaxation Procedures

The first part of theIFS cycle is therelaxationstep, wherein
a feasible schedule is relaxed into a possibly resource infea-
sible, but precedence feasible, schedule by retracting some
number of scheduling decisions. Given the above described
graph representation, each such decision is aprecedence con-
straintbetween a pair of activities that are competing for the
same resource capacity. In [Oddi et al., 2008], variants of
three relaxation strategies were considered. The first strat-
egy, used in [Cesta et al., 2000, Michel and Van Henten-
ryck, 2004], removes precedence constraints between pair
of activities on thecritical path of a solution; and hence is
calledcp-based relaxation. The second strategy, from [Go-
dard et al., 2005], starts from a POS-form solution and ran-
domly breakssome chains in the input POS schedule, and
hence is given the namechain-based relaxation. The third
strategy, defined for the first time in [Oddi et al., 2008], inter-
leaves the first two strategies in a way that promotes a better
balance betweendiversificationand intensification[Blum
and Roli, 2003]. This third strategy, referred to asCombo
Relaxation, was found to yield the best performance and ac-
cordingly we adopt this as our baseline relaxation strategy
in this paper. To define it more precisely we first briefly de-
scribe the two base strategies that it integrates.

3.2.1 Precedence Relaxation

The cp-based relaxationstrategy is centered on the solu-
tion’s critical path. A path in GS(A, E) is a sequence of
activitiesa1, a2, . . . , ak, such that,(ai, ai+1) ∈ E with i =

1, 2, . . . , (k − 1). The length of a path is the sum of the ac-
tivities processing times and acritical path is a path from
asource to asink which determines the solution’s makespan.
Any improvement in makespan will necessarily require change
to some subset of precedence constraints situated on thecrit-
ical path, since these constraints collectively determine the
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CHAIN RELAX (S,pr)
begin
1. foreach activity ai

2. if random(0,1)< pr then
3. foreach ap ∈ pred(ai) ∩Ech remove(ap, ai)
4. foreach as ∈ succ(ai) ∩ Ech remove(ai, as)
5. Apply the CHAINING procedure

to the subset of unselected activities
end

Fig. 5 Relaxation based on removal from POS chains

solution’s current makespan. From this observation, the re-
laxation step is designed to retract some number of posted
precedence constraints on the solution’s critical path. Fig. 4
shows theCPRELAX procedure. Steps 2-4 consider the set
of posted precedence constraints which belong to the cur-
rent critical path. A subset of these constraints is randomly
selected on the basis of the parameterpr ∈ (0, 1) and then
removed from the current solution. These steps are iterated
MaxRlxs times (effective values range from 2 to 6), such
that, a new critical path ofS is computed at each iteration.
Notice that this path can be completely different from the
previous one. This allows the relaxation step to also take
into account those paths whose length is very close to the
critical one.

3.2.2 Chain Relaxation

Thechain-based relaxationstrategy requires an input solu-
tion in POS-form. As explained above, a solution in POS-
form is an extension of the original precedence graph that
represents the input scheduling problem. A POS is a graph
GS(N, EPOS), such that the setEPOS = Eprob ∪ Ech is
composed by a set ofchains. Each chain imposes a total
order on a subset of problem activities requiring the same
resource. Given a generic activityai, pred(ai) is the set of
its predecessor activities andsucc(ai) is the set of its suc-
cessors activities.

TheCHAINRELAX procedure, shown in Fig. 5, proceeds
in three steps. First, a subset of activities from the input so-
lution S are randomly selected on the basis of the parameter
pr ∈ (0, 1). Second, the edges(ap, ai), ap ∈ pred(ai) and
(ai, as), as ∈ succ(ai) are removed without updating the
start timesesti of the activities. Finally, the CHAINING pro-
cedure is applied to the set of activities that have not been
removed by the random selection. It is worth observing that
this set of activities still represents a feasible solutionto
a scheduling sub-problem, which can be transformed into
POS-form, in which the randomly selected activitiesfloat
outside the solution thus re-creatingcontention peaks.

3.2.3 Combo Relaxation

The Combo Relaxationprocedure interleaves the previous
two strategies. It usesCHAINRELAX as its default, except
when an improved solution is found within theIFS loop
(i.e., when the boolean condition at Step 6 in the algorithm
of Fig. 2 is found to be true). In this case the relaxation
procedure is temporarily switched toCPRELAX , until the
makespan can no longer be improved, (i.e., as long as the
boolean condition at Step 6Mk(S) < Mk(Sbest) remains
true). Hence, the procedure considers as input parameters
both the parameters for thecp-based relaxationcomponent
(pr andMaxRlxs) and for thechain-based relaxationcom-
ponent (pr).

It is worth observing that thecritical path relaxation is
more targeted to directly reduce the makespan of a solution,
because it specifically relaxes its critical path, which is di-
rectly correlated to the solution’s makespan. However, such
a procedure also seems more prone to becoming trapped in
local minima. On the contrary, thechain-basedrelaxation
removes activities without regard to whether they are on the
critical path, hence promoting a search with an higher de-
gree ofdiversification. As observed in [Oddi et al., 2008]
the combination of the two strategies provides a better bal-
ance between diversification and intensification. In fact, as
soon asCPRELAX is not able to improve the makespan,
the relaxation strategy is reverted toCHAINRELAX , which
increases the probability of escaping the local minima. On
the contrary, when the makespan is improved, the relaxation
strategy in switched toCPRELAX , which should increase the
convergence rate to a local minima.

As mentioned earlier, we choose this last relaxation strat-
egy as the reference for the experimental analysis of this pa-
per based on the performance study of [Oddi et al., 2008].

3.3 Flattening Procedures

Both base relaxation procedures,CPRELAX andCHAINRE-
LAX , create a intermediate solution with contentionpeaks
(i.e., intervals of contention in resource usage). The roleof
the flattening step is to level (orflatten) these peaks, through
the introduction of additional activity ordering or start time
assignment decisions. We have implemented two general
search templates for flattening peaks and producing a re-
source feasible solution, the first based on Precedence Con-
straint Posting (PCP) as in [Cesta et al., 2000] and the sec-
ond based on Set Start Time (SST) strategies as in [Godard
et al., 2005]. In principle, both solving algorithms can be
configured to perform a complete search through depth-first
backtracking. However in our implementations, we limit the
number of backtracking steps for purposes of scalability toa
value dependent on the size of the input problem. Both algo-
rithms can also be augmented to incorporate resourcecon-
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PCPS(P, S)
begin
1. Propagate(S)
2. if IsSolution(S)
3. then return (S)
4. else
5. mcs← SelectConflict(P,S)
6. if Solvable(mcs, S)
7. then
8. pc← ChoosePrecedence(S,mcs)
9. PCPS(P,S ∪ {pc})
10. else return(fail)
end

Fig. 6 The PCPS algorithm

straint propagation, for checking consistency and for tight-
ening the domains of activity start and end time variables
as scheduling decisions are made. For both general flatten-
ing procedures, we define a variant of the basic template
that uses aTime Tablingalgorithm [Le Pape, 1994] to this
end, and a variant that does not exploit resource propaga-
tion. This gives us a variety of procedures for evaluation
with different degrees of complexity and effectiveness. In
the subsections below, we first describe each of the above
mentioned algorithmic building blocks.

3.3.1 PCP Search (PCPS)

The flattening step (see Fig. 6) used in [Cesta et al., 2000] is
inspired by prior work on the Earliest Start Time Algorithm
(ESTA) from [Cesta et al., 1998]. The algorithm is a variant
of a class of PCP scheduling procedures that utilize a two-
phase solution generation process.

The first stepconstructs an infinite capacity solution.
The problem is formulated as an STP [Dechter et al., 1991]
temporal constraint network2 where temporal constraints
are modeled and satisfied (via constraint propagation), yield-
ing a time feasible solution that assumes infinite resource
capacity.

The second steplevels resource demand by posting prece-
dence constraints. Resource constraints are super-imposed
by projecting “resource demand profiles” over time. Detected
resource conflicts, which are Minimal Conflict Sets (MCS)
as in [Cesta et al., 2002], are then resolved by iteratively
posting simple precedence constraints between pairs of com-
peting activities. The constraint posting process ofESTA is
based on the Earliest Start Solution (ESS) consistent with
currently imposed temporal constraints. At Step 1 of Fig. 6

2 In a STP (Simple Temporal Problem) network we make the follow-
ing representational assumptions: temporal variables (ortime-points)
represent the start and end of each activity, and the beginning and end
of the overall temporal horizon; distance constraints represent the du-
ration of each activity and separation constraints betweenactivities in-
cluding simple precedences.

SSTS(P, S)
begin
1. Propagate(S)
2. if IsSolution(S)
3. then return (S)
4. else
5. ai← SelectActivity(P,S)
6. if ExistFeasibleEST(ai, S)
7. then
8. esti← ChooseEST(S,ai)
9. SSTS(P,S ∪ esti)
10. else return(fail)
end

Fig. 7 The SSTS algorithm

the procedurePropagatededuces effects of both current re-
source and temporal constraints. It then proceeds to com-
pute a resource conflict (Steps 2-5). If this set is empty the
ESS is also resource feasible and a solution is found; oth-
erwise if a conflict exists that can be solved, a new prece-
dence constraint is posted to do so (Steps 8-9); otherwise the
process fails (Step 10). For further details on the functions
SelectConflict(), andChoosePrecedence()(a non determin-
istic version of the precedence selection operator) the reader
should refer to the original implementation in [Cesta et al.,
2002].

3.3.2 SST Search (SSTS)

The second solving procedure is based on the idea of search-
ing the set of possible assignments to the activity start-times.
Our implementation ofSSTSis inspired by one described in
[Godard et al., 2005]. It can be seen as aserial scheduling
schema[Kolisch, 1996], which branches the search on the
possible earliest start times [Dorndorf et al., 2000]. A recur-
sive and non deterministic version of the solver is shown in
Fig. 7. At Step 1 the procedurePropagatepropagates re-
source and current temporal constraints. In particular, for
each activityai updates its earliest start-timeesti and lat-
est finish timelfti. When the output solutionS is a com-
plete and resource feasible solution (each activity has a fea-
sible start-time assigned), the procedure returns it (Steps 2-
3). Otherwise an activity is selected on the basis of apriority
rule. Currently, we select the activity with theminimal ear-
liest resource feasible start time(and ties are broken by the
minimal latest finish time values). Given a selected activ-
ity ai, the searchbranches(Step 8) on all possible resource
feasible assignments of the earliest start-timeesti.

3.3.3 Time-Tabling Propagation

As stated above, it is possible to augment the flattening pro-
cedures to make use of Time Tabling propagation. Time-
Tabling relies on the computation for each resourcek and
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every instantt of theaggregated necessary demandinduced
by the current set of activitiesai in the schedule [Le Pape,
1994]. This aggregated profile is updated during the search
and allows the domains of activity start and end times to be
restricted by removing each instantt that would necessarily
lead to an over-consumption of resource.

Let us suppose that an activityai requiresrik units of a
given discrete resourcek and the following condition holds
on the latest start-time (lsti) and the earliest finish-time (efti)
of ai: lsti < efti. In this case,ai will always execute over
the time interval[lsti, efti) and will surely requirerik units
of resourcek over this time interval.

For each resourcek, a necessary demand profilendpk(t)
is maintained thataggregatesall these single activity de-
mands. When there exists an instantt such thatnpdk(t) is
strictly greater thanck – the capacity of the resourcek – the
current schedule isinconsistent. In addition, suppose there
exists an activityai requiringrik units of resourcek and an
instanttub such that:efti ≤ tub < lfti and∀t ∈ [tub, lf ti)

the conditionndpk(t) + rik > ck holds. Then, activityai

cannot end aftertub, otherwise it would over-consume the
resource. Similar reasoning can be applied for finding new
lower boundstlb for the start-times of activities.

The main advantage of this technique is its relative sim-
plicity and its low algorithmic complexity, which isO(n ·

smax), wheren is the number of activities andsmax is the
maximum slack valuelfti − esti − pi. In practice, Time-
Tabling is one of the principal techniques used for sche-
duling discrete resources. However, it is worth noting that
the above complexity reflects the time required to check the
bounds of all problem activities only once. In the case that
additional constraints are discovered and added to the cur-
rent solution, we have to either incur the complexity of ar-
riving to thefixpoint or limit the number of iterations to a
constant known value.

3.4 Iterative Flattening Search Variants

Following the approach taken in [Oddi et al., 2008], we aim
at studying the effects of single “component”IFS strategies.
As previously mentioned, we consider as given the use of
the Combo Relaxation strategy previously found to perform
best and concentrate on exploring the effects of the flatten-
ing strategies of increasing complexity and effectiveness. In
particular we consider the followingIFS procedures:

– Two IFS procedures based on PCP search namedPCPS

andPCPS-PROP, wherePCPS-PROPuses theTime-Tabling
propagation andPCPSdoes not. BothPCPSand PCPS-
PROPare implemented as a depth-first backtracking pro-
cedures using an input parameterα, which is used to
limit the number of backtracking steps. In particular, both

procedures return the solution found with minimal make-
span withinα · n backtracking steps, wheren is the
number of activities in the problem. The complexity of
the basic solving procedure (without backtracking) is
O(d · (n2 + n · smax)) in the case in which we use
Time Tabling propagation, andO(d · n2) in the case in
which we don’t, whered is the number of precedence
constraints posted, and andn · smax is the complexity of
Time Tabling propagation. In the worst cased = O(n2),
but in many cases we can assumed = O(n).

– Two IFS procedures based on SST search namedSSTS

andSSTS-PROP, whereSSTS-PROPsimilarly uses Time-
Tabling propagationandSSTSdoes not. As before,SSTS-
PROP(or SSTS) uses a parameterα to bound the number
of backtracking steps to the valueα · n and returns the
best makespan solution found withinα · n steps. The
complexity of this basic solving procedure (without con-
sidering backtracking) isO(n(n2+n·smax)) in the case
that Time-Tabling propagation is used andO(n3) in the
case that it isn’t.

The above four solving procedures vary in complexity and
search structure, and the use of each as the flattening step
within IFS offers an alternative tradeoff in emphasis with
respect to the computational effort put into generating one
solution sample and the number of solutions sampled dur-
ing the search. In the experimental section that follows we
test the effects of each of these procedures on two different
benchmarks of Resource Constrained Scheduling containing
instances of different sizes and structures.

4 Experimental Analysis

This section presents the results of our investigation of the
possibilities offered by different flattening algorithms within
the IFS metaheuristic strategy. We subdivide the experimen-
tal analysis into two phases. First, we perform anexplorative
evaluation on subsets of the benchmarks described in this
section, to test the effectiveness of all variants across a range
of parameter settings. This phase is aimed at selecting the
best variants for the second intensive phase. In this second
phase, we evaluate the selected variants on the entire bench-
mark problem suites.

4.1 Benchmark Problems

As stated earlier, we consider two types of resource-constrained
scheduling problems: the Multi-Capacity Job Shop Schedu-
ling Problem (MCJSSP) and the Resource Constrained Project
Scheduling Problem (RCPSP). These problems and bench-
mark problem sets are briefly summarized in the paragraphs
below.
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The Multi-Capacity Job-Shop Scheduling Problemin-
volves synchronizing the use of a set ofm renewable re-
sources to perform a set ofjobsJ = {j1 . . . jnj

} over time.
The processing of a jobji requires the execution of a se-
quence ofm activities{ai1 . . . aim

}, eachaij has a constant
processing timepij and requires the use of asingle unitof
resource for its entire duration. Each resourcek is required
only once in a job and can process at mostck activities at
the same time (ck ≥ 1). Hence, broadly speaking,MCJSSP

has the same causal structure of the Job-Shop Scheduling
Problem (JSSP) but involves multi-capacitated resources in-
stead of unit-capacity ones. For our analysis, we refer to the
benchmarks introduced by Nuijten and Aarts [1996]. They
consist of four sets of problems which are derived from the
Lawrence job-shop scheduling problems [Lawrence, 1984]
by increasing the number of activities and the capacity of
the resources. In particular we distinguish:

Set A: LA1-10×2×3 (Lawrence’s problems numbered 1
to 10, with resource capacity duplicated and triplicated).
Using the notation #jobs×#resources (resource capacity),
this set consists of 5 problems of sizes20×5(2),30×5(3),
30×5(2), 45×5(3).

Set B: LA11-20×2×3. 5 problems each of sizes40×5(2),
60×5(3), 20×10(2), 30×10(3).

Set C: LA21-30×2×3. 5 problems each of sizes30×10(2),
45×10(3), 40×10(2), 60×10(3).

Set D: LA31-40×2×3. 5 problems each of sizes60×10(2),
90×10(3), 30×15(2), 45×15(3).

These benchmark problems represent an interesting and chal-
lenging benchmark for comparing algorithms. In relatively
few instances they cover a wide range of problem sizes. At
the same time, the difficulty of various instances are to some
extent understood. As noted in [Nuijten and Aarts, 1996],
one consequence of the problem generation method is that
the optimal makespan for the original JSSP is also a tight
upper bound for the correspondingMCJSSP. Hence, even
if better solutions are known for several instances, the dis-
tance from these upper-bound solutions still provides a use-
ful measure of solution quality.

TheResource Constrained Project Scheduling Problem
(RCPSP) is a more general scheduling problem. According
to the definition given in Section 2, it consists of a set ofn

activities and a set ofr renewable resources. Each resource
k is available in a given constant amount. Each activityai

has a durationpi and requires a constant amount of resource
rik to be processed. Preemption is not allowed. Activities
are related by two sets of constraints: temporal constraints
modelled through precedence constraints, and resource con-
straints that state that for each time instant and for each re-
source, the total demand cannot exceed the resource capa-
city ck. The objective considered here is also makespan min-
imization, in this case of the project. We consider instances
of RCPSPs available at http://129.187.106.231/psplib. These

instances are generated byProGen, a well-known algorithm
for the generation of a general class of precedence and resource-
constrained scheduling problems. In particular, benchmark
instances are available with sizes of30, 60, 90 and120 ac-
tivities, called respectivelyJ30, J60, J90 andJ120. The
random generation algorithm ProGen accepts as input sev-
eral parameters, which characterize problem hardness. In-
deed, within the J120 benchmark, there are still several in-
stances which are not solved to optimality in spite of a large
number of powerful algorithms that have been proposed in
the literature over the past twenty years. In the following we
consider a subset of this benchmark for our analysis ofIFS

flattening strategies.
For theexplorative phasewe consider Set C of theMCJSSP

benchmarks3 (20 instances) and a random selection of 20
hard instances of J120RCPSP– named J120-20 – for which
optimal solutions are still not known. For theintensive phase
we consider the full benchmark suite of 80MCJSSPinstances
and a benchmark set ofRCPSPinstances – named J120-80 –
obtained by the union of the previously selected 20 hard in-
stances and a further random selection of 60 instances within
the set of J120 problems proposed in the literature.

4.2 Explorative Experiments

In the following we evaluate a variant of theIFS schema
that incorporates each of the 4 flattening procedures intro-
duced in Section 3.4:PCPSand SSTS, and their respective
counterparts with Time-Tabling resource constraint propa-
gation,PCPS-PROP and SSTS-PROP. Each variant incorpo-
rates theCOMBORELAX strategy as the relaxation step. All
algorithms were implemented in Allegro Common Lisp and
were run on a Pentium 4 processor 2.6 GHz, under Linux.
For the exploratory stage, the following general settings for
the IFS strategies were assumed:

1. The initial solution for eachIFS variant was generated
by using the same flattening strategy that is incorporated
within the IFS improving loop. For each instance, we
set a large horizon constraint (in our case 5 times the
makespan of theinfinite capacitysolution) and thus ini-
tial solution generation did not require any backtracking
step.

2. For bothPCPSandSSTS, different amounts of backtrack-
ing were considered by settingα to the following per-
centage valuesα ∈ {0, 5, 10, 15, 20, 25, 30} — for ex-
ample, the value10 means that the procedure executes a

3 Set C was chosen for testing in the initial exploratory phasebe-
cause it is a quite representative subset of theMCJSSPinstances. It
contains instances that are very interesting structurallyand challenging
in size that ranges from 300 to 600 activities. Hence, it is quite suitable
for exploring interesting trends among theIFS strategies before a time
consuming intensive testing.
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Table 1 Set C - preliminary experiments

α
PCPS SSTS

pr = 10 pr = 15 pr = 20 pr = 10 pr = 15 pr = 20
0 5.0 6.5 7.8 12.1 11.3 9.3
5 5.5 6.4 8.1 11.8 10.8 9.4

10 5.6 7.5 8.6 11.9 11.0 9.7
Propagation 15 6.8 7.8 8.9 11.9 11.2 9.5

20 7.0 8.7 10.2 12.6 11.3 10.1
25 8.1 9.2 10.9 12.4 12.3 10.2
30 7.9 8.7 10.1 12.4 11.3 10.8
0 5.7 6.8 8.3 7.8 6.6 5.0
5 3.0 4.1 5.5 6.2 5.3 4.3

10 3.0 4.3 5.1 6.9 6.2 5.4
No Propagation 15 2.1 3.4 5.7 8.2 6.0 5.6

20 2.7 3.6 4.9 8.3 7.0 5.6
25 2.6 3.3 5.1 8.6 7.8 6.4
30 2.5 3.4 5.1 9.6 7.8 6.5

Table 2 J120-20 - preliminary experiments

α
PCPS SSTS

pr = 10 pr = 15 pr = 20 pr = 10 pr = 15 pr = 20
0 7.6 9.4 11.2 10.6 10.1 9.7
5 7.4 8.2 10.4 9.5 9.7 10.0

10 7.1 8.6 10.3 10.5 9.7 9.8
Propagation 15 6.9 8.4 10.3 9.5 9.7 9.6

20 7.0 8.9 10.5 10.2 9.7 9.6
25 6.8 8.2 10.5 10.1 9.5 10.0
30 7.8 8.5 10.8 9.7 9.6 9.7
0 9.4 11.0 11.5 10.8 10.0 9.9
5 9.1 9.4 11.1 9.3 8.8 8.2

10 7.8 9.8 11.1 9.0 8.8 9.1
No Propagation 15 8.3 9.0 11.0 9.0 8.2 9.0

20 8.1 8.5 11.3 8.9 9.0 9.0
25 7.6 8.7 10.7 9.3 8.7 8.6
30 7.8 9.1 10.3 9.5 8.4 9.1

maximum number of backtracking steps equal to 10 %
of the number of activities.

3. For theCOMBORELAX strategy the probability values
pr for both the critical-path relaxation and chain-based
relaxation strategies were set to the same percentage val-
uespr ∈ {10, 15, 20}.

4. The parameterMaxRlxs was set toMaxRlxs = 6 for
the critical-path based relaxation.

5. A 400 seconds timeout value was imposed on the Set C
problem instances and200 seconds for the J120 problem
instances.

6. For each strategy we setMaxFail = 3200 (the maxi-
mum number ofnon improvingmoves that the algorithm
will tolerate before terminating).

In addition, in order to fully exploit the allotted time, we
adopted the same restarting scheme used in previous works
[Cesta et al., 2000, Michel and Van Hentenryck, 2004]. Specif-
ically, in the case that a first run finishes before the imposed
time limit, the random procedure restarts from the same ini-

tial solution until the time bound is reached. At the end, the
best solution found is returned.

Table 1 compares the performance of eachIFS strategy
on theMCJSSP’s Set C with respect to the value∆LWU%,
which represents the average percentage deviation from the
Lawrence upper bound [Lawrence, 1984]. Given a numeric
value in the table, (for example2.1) the correspondingIFS

strategy is given by reading the column’s label (PCPS or
SSTS), representing the solving strategy, and the row’s la-
bel (eitherPropagationor No Propagation), indicating the
inclusion of Time-Tabling propagation in the corresponding
flattening procedures. Within this identified sub-table, for a
given numeric value, we have the corresponding values for
the parametersα andpr (for example, the performance value
2.1 is obtained by using the combinationPCPSandNo Prop-
agation, with parameter valuesα = 15 andpr = 10).

Table 2 compares the performance of eachIFS strategy
across the selected 20 instances ofRCPSPusing the same no-
tation as in Table 1. Some trends are evident from the results
in Tables 1 and 2:
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1. PCPSperforms better thanSSTS.
2. Resource constraint propagation has an opposite effect

in solving the two benchmark sets. In fact, in the case
of MCJSSPSet C (where problems range in size bet-
ween 300 and 600 activities) better performance is ob-
tained without the use of Time-Tabling propagation. Al-
ternatively, in the case of J120RCPSPproblems, resource
propagation improves performance.

4.3 Intensive Experiments

In this section we analyze the behavior over time of the best
performingIFS strategies from the exploratory phase on the
full 80 instances of theMCJSSPbenchmark problem suite
and on the extended 80 instance subset of the J120RCPSP

benchmark suite. Recall that the aim of this study is to ex-
perimentally evaluate the tradeoff associated with using flat-
tening procedures of varying computational complexity and
effectiveness. Our analysis is centered around the idea that
given a time bound to the optimization process, there is aIFS

optimization process tradeoff to be made between maximiz-
ing the number of iterative sampling cycles performed and
maximizing the effectiveness of the inner flattening proce-
dure. The more complex (and effective) the flattening pro-
cedure becomes, the smaller the number of iterative sam-
pling cycles that can be performed within the time limit
becomes. Our study evaluates four different flattening pro-
cedures of increasing complexity, to analyze this algorithm
design trade-off with respect to input problem size and im-
posed CPU bounds. For this intensive experimentation we
adopted the settings for the parametersα andpr which gave
the best results in the preliminary phase and allocated more
time to the experimentation. More specifically:

1. In the case ofMCJSSPinstances, we adopted the param-
eter settingsα = 15 andpr = 10 for both thePCPS

andPCPS-PROPprocedures, as these settings yielded the
best performance in the preliminary results of Table 1.
Alternatively, for theSSTSandSSTS-PROPprocedures,
we selected the valuesα = 5 andpr = 20. Precedence
and chain relaxation strategies use the same parameter
pr.

2. In the case ofRCPSPinstances, we adopted the param-
eter settingsα = 25 and pr = 10 for both the pro-
cedurePCPSandPCPS-PROP; these settings yielded the
best performance in the preliminary results of Table 2.
Whereas for the proceduresSSTS and SSTS-PROP we
selected the valuesα = 15 and pr = 15. As above,
precedence and chain relaxation strategies use the same
parameterpr.

3. A timeout of3200 seconds was imposed for each prob-
lem instance, and for each strategy we setMaxFail =

3200 (the maximum number ofnon-improvingmoves
that the algorithm will tolerate before terminating).

Table 3 shows the average values∆LWU% for both the
full set MCJSSPand the single subsets A, B, C and D. The
results reasonably confirm the behavior found in the first
preliminary phase: the PCP-based procedures outperform
the SST procedures; and, on average (columnAll), the IFS

procedures not using propagation (PCPSandSSTS) outper-
form their propagation counterparts (PCPS-PROPandSSTS-
PROP). However, when we analyze performance for the sin-
gle subsets (Set A, B, C and D), we observe that on Set A
(the smallest problems, which range in size between 100 and
225 activities) the best procedures are those that incorporate
Time-Tabling propagation: (PCPS-PROPandSSTS-PROP).

Table 3 ∆LWU% values on the complete benchmark

Set A Set B Set C Set D All
PCPS-PROP -0.16 -1.29 1.53 1.64 0.43
PCPS -0.11 -1.66 0.48 0.23 -0.26
SSTS-PROP 0.20 -0.39 4.07 3.59 3.58
SSTS 0.41 -0.74 2.81 2.44 1.23

An expanded view of the same data is offered by the
graphics shown in Figures 8 and 10, where we represent the
value∆LWU% over computation time. This view of dy-
namic solving performance adds further information with
respect to the content of Table 3. First of all, we see that
the difference in performance between the different variants
of a given solving procedure (i.e.,PCPS-PROPandPCPSor
SSTS-PROPandSSTS) generally tends to shrink as time pro-
gresses. In the extreme case of Set A, there is a time in-
stant at which both solving procedures with Time-Tabling
propagation begin to outperform their counterparts without
propagation, and the best overall performing procedure is
PCPS-PROP.

The same trend of Fig. 10(a) for Set A is shown in Fig. 9
for theRCPSPbenchmark J120-80, where we report the per-
formance of our algorithms as the average percentage devi-
ation from the best known makespan solutions. We observe
that even in this case we have problem instances with rela-
tively small sizes(120 activities).

Again, we see the PCP-based procedures outperform the
SST procedures, and after a given time instant the solving
procedures including resource propagation (PCPS-PROPand
SSTS-PROP) outperform their counterparts without propaga-
tion and the best performing procedure isPCPS-PROP.

Broadly speaking the mainIFS steps can be compared
directly to the concepts ofdiversificationandintensification
in a generic stochastic optimization procedure, where the di-
versification component is provided by the relax-flattening
loop and the inner flattening search provides the intensifica-
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tion component. Interpreting our experimental results from
this perspective, some qualitative guidelines for designing
effective IFS procedures can be identified. In particular, we
observe that the dominant optimization mechanism is rep-
resented by the iterative randomized sampling mechanism
provided by theIFS loop; whereas, the constituent flattening
procedure provides arefinementstep to further improve the
quality of the current solution. Hence, the two optimization
mechanisms are generally not equivalent, and according to
the size of the problem and the available computation time, it
is important to maintain anadequatelevel of diversification
(which implies greater emphasis on maximizing the num-
ber of iterations). Of course, when there are no tight cpu-
time limitations, best performance is obtained by using the
most complex (and effective) flattening procedure. But when
solving larger problems under tighter time limits, it is possi-
ble to improve performance by decreasing the complexity of
the inner flattening procedure. This can be accomplished by
decreasing the number of backtracking steps (see Tables 1
and 2), by removing additional constraint propagation func-

tionalities (this is the case of Set B, C and D in Fig. 10),
or by choosing a computationally lighter flattening strategy.
This last possibility is clearly visible for the Set D results
shown in Fig. 10(d)(where problem sizes range from 600
to 900 activities). Noting that the solving procedures intro-
duced in this paper can be ordered by increasing complexity
as (SSTS, SSTS-PROP, PCPSand PCPS-PROP), we can see
in Fig. 10(d) that initiallySSTS(the lightest procedure) has
the best performance, while the other strategies are bogged
down by the larger size of the problem instances included
in the Set D. However, as time passes, both thePCPSand
PCPS-PROPprocedures improve overSSTS.

5 Putting IFS in a broader perspective

Before ending the paper we would like to give a more ab-
stract view ofIFS and use this as a basis to stress connections
and differences with other works. As already discussed the
iterative flattening method for scheduling optimization al-
ternates two phases: one in which the solution is partially
destroyedand another in which the solution isrebuilt. In
particular, the first step ofIFS perturbs the current solution
by selectively removing some number of ordering decisions
among competing activities, while the second step applies
a constraint-based algorithm to search for a new solution.
Despite its simplicity, the approach offers the advantage of
being able to provide a solution “any time”, and has been
shown to effectively scale to problems of significant size.

A similar two-step optimization schema has been pro-
posed very recently for solving different types of scheduling
problem than those considered here. In [Ruiz and Stützle,
2007] the authors propose anIterated Greedyalgorithm for
solving instances of the well-known permutation flow-shop
problem. This work was followed by [Ruiz and Stützle, 2008],
where the same authors propose a different Iterated Greedy
procedure for solving instances of flow-shop scheduling prob-
lems with sequence dependent setup times and both makespan
and weighted tardiness minimization objectives. In both cases
the experimental results obtained rank the proposed algo-
rithms among the best state-of-the-art methods for solving
the corresponding flow-shop problems. Some interesting sim-
ilarities can be also noted betweenIFS and theShifting Bot-
tleneck Procedurefor Job Shop Scheduling [Adams et al.,
1988], which can also be case in the same general schema
of Destroy&Rebuild. In particular, this procedure iteratively
identifies the so-calledbottleneck machineand sequences
it to optimality by solving the corresponding one-machine
problem. These decisions made at one resource perturb the
schedules of those resources that stand upstream or down-
stream of scheduled activities, leading to successive re-optimization
of the schedules for these machines.

The idea of iterative Destroy&Rebuild has been also used
for solving other combinatorial optimization problems. Ja-
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Fig. 10 Run-time performance for each MCJSSP testset

cobs and Brusco [1995] and Marchiori and Steenbeek [1998]
propose two different procedures for solving the Set Cov-
ering Problem, and in both cases very competitive experi-
mental results were obtained. Prestwich [2000] proposes a
Constraint Local Search (CSL) hybrid algorithm for solv-
ing large instances of 3-SAT problems by randomizing its
backtracking component to occur at arbitrarily-chosen vari-
ables. Finally, Shaw [1998] proposes a local search method,
termed Large Neighbourhood Search (LNS), for solving in-
stances of the Vehicle Routing Problem (VRP) based upon
a process of continual relaxation and re-optimization.

In general, it is worth noting that the core idea behind
IFS (or Destroy&Rebuild, Iterated Greedy, etc.) represents
by itself a new meta-heuristic proposal with similarities and
differences with respect to other meta-heuristic scheme for
solving general combinatorial optimization problems. In fact,
within the current literature, there are at least two meta-
heuristic methods which can be correlated toIFS. The first
is Greedy Randomized Adaptive Search (GRASP) [Resende
and Ribeiro, 2002]. This is a meta-heuristic which combines
random constructive greedy heuristics and local search, such

that the procedure iteratively composes two phases: con-
struction and improvement. The best solution found is re-
turned upon termination. The second similar meta-heuristic
procedure is Iterated Local Search (ILS) [Lourenco et al.,
2002]. ILS is a general meta-heuristic schema which first
applies a local search to an initial solution until finds a local
optimum. Then it perturbs the solution and restarts a local
search procedure, and as before the best solution found is
returned upon termination.

Even if IFS is correlated to GRASP and ILS, in both
cases there are differences. With respect to GRASP, we note
that it restarts from scratch at each cycle, whereasIFS only
partially destroys the current solution. Hence,IFS provides a
more general relaxation mechanism than GRASP, allowing
incorporation of more flexible search procedures where it is
possible totune the size of the search space generated by
relaxation. With regard to ILS, we can say thatIFS can be
seen as a ILS procedure where the perturbation mechanism
is the most frequent operation, whereas in ILS the dominant
operation is local search. So,IFS iteratively tries to discover
a blockof wrong decisions, remove it, and substitute a new,
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betterblock of decisions. Hence, a decisive step in the defi-
nition of an effectiveIFS procedure, is the explicit definition
of a criterion for discovering wrong decisions.

6 Conclusions

In this paper, we have investigated the performance effects
of various component strategies proposed by previous re-
search for the flattening step of the Iterative Flattening Search
(IFS) model. The work was motivated by the observation
that if a time bound is given to the overallIFS optimiza-
tion process, the final solution produced will be the result
of the interaction of two optimization mechanisms: (1) it-
erative sampling – embodied in the overall relax-flattening
loop – which performs a global and broader sampling of the
search space, and (2) local optimization – embodied by the
inner flattening procedure – which within each iteration ex-
plores a set of nearby solutions. From a broader local search
perspective, the former mechanism can be seen as promot-
ing diversification while the latter mechanism emphasizes
intensification. The important question concerns how these
two mechanisms should be balanced to maximize perfor-
mance, and to what extent various component mechanisms
proposed by previous research strike the right balance in dif-
ferent time constrained circumstances.

Starting from the results of a previous study that eval-
uated a range of relaxation strategies, we conducted a com-
parative experimental analysis of four distinct flatteningpro-
cedures, differentiated by the structure of the search thatwas
performed and the extent to which resource constraint prop-
agation was employed to promote early pruning. Each of
these procedure was tested on two reference sets of bench-
mark problems from the resource-constrained scheduling lit-
erature. The results of this experimental analysis suggestba-
sic guidelines for designing effectiveIFS procedures. In par-
ticular, we observed that the dominant optimization mech-
anism is the iterative randomized sampling provided by the
IFS loop, whereas the inner flattening procedure was seen
to provide arefinementstep to further improve the quality
of the current solution. This being the case, it becomes im-
portant to maintain anadequatelevel of diversification in
the search as the size of the problems addressed is increased
and/or the available computation time is decreased. For ex-
ample, in solving larger problems within a given time bound,
our results indicated that it is possible to improve perfor-
mance by decreasing the number of backtracking steps al-
lowed in the flattening search, by removing additional con-
straint propagation functionalities, or by choosing a lighter
flattening strategy.

The experimental results presented in this paper have
also further clarified some weaknesses and strengths of the
ideas proposed over the past years about the use of different

IFS component strategies for solving schedule makespan op-
timization problems. Most surprising was the superiority of
PCPSoverSSTSwhen both flattening procedures are placed
in a uniform implementation framework. We have also ana-
lyzed the current literature and made correlations with sim-
ilar approaches for solving not only scheduling problems
other than Resource Constrained Scheduling, but also other
hard optimization problems, like Set Covering or Vehicle
Routing problems. An interesting direction for future re-
search is exploration of the simple and effectiveDestroy&Rebuild
principle that underlies ourIFS algorithm as a basis for solv-
ing broader classes of optimization problems. At present we
are working to a version of theIFS for solving RCPSP/max
– resource constrained scheduling problems with general-
ized precedence relations – a problem where the minimal
and maximal time legs among activities make the problem
of finding even a feasible solutionNP-hard. However, our
longer term goal is to generalize the results obtained with
IFS in solving different scheduling problems toward the def-
inition of an effectiveDestroy&Rebuildmeta-heuristic strat-
egy.
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H. H. Hoos and T. Stützle.Stochastic Local Search. Foun-
dations and Applications. Morgan Kaufmann, 2005.

L. W. Jacobs and M. J. Brusco. A local search heuristic
for large set-covering problems.Naval Research Logistic
Quarterly, 42(7):1129–1140, 1995.

R. Kolisch. Serial and parallel resource-constrained project
scheduling methods revised: Theory and computation.
European Journal of Operational Research, 90:320–333,
1996.

P. Langley. Systematic and Nonsystematic Search Strate-
gies. InAIPS92. Proceedings of the First International
Conference on Artificial Intelligence Planning Systems,
pages 145–152. Morgan Kaufmann Publishers Inc., 1992.

S. Lawrence. Resource Constrained Project Scheduling: An
Experimental Investigation of Heuristic Scheduling Tech-
niques (Supplement). Technical report, Graduate School
of Industrial Administration, Carnegie Mellon University,
1984.

C. Le Pape. Implementation of Resource Constraints
in ILOG Schedule: a Library for the Development of
Constraint-based Scheduling Systems.Intelligent Sys-
tems Engineering, 3(2):55–66, 1994.

H. R. Lourenco, O. Martin, and T. Stutzle. Iterated Local
Search. In F. Glover and G. Kochenberger, editors,Hand-
book of Metaheuristics, International Series in Opera-
tions Research & Management Science, volume 57, pages
321–353. Academic Publishers, Norwell, MA, 2002.

E. Marchiori and A. Steenbeek. An Iterated Heuristic Al-
gorithm for the Set Covering Problem. InProceedings
WAE’98, Saarbr̈ucken, Germany, August 20-22, pages
155–166, 1998.

L. Michel and P. Van Hentenryck. Iterative Relaxations
for Iterative Flattening in Cumulative Scheduling. In

ICAPS04. Proceedings of the14th International Confer-
ence on Automated Planning & Scheduling, pages 200–
208, 2004.

W. P. M. Nuijten and E. H. L. Aarts. A Computational Study
of Constraint Satisfaction for Multiple Capacitated Job
Shop Scheduling.European Journal of Operational Re-
search, 90(2):269–284, 1996.

A. Oddi, A. Cesta, N. Policella, and S. F. Smith. Combining
Variants of Iterative Flattening Search.Journal of Engi-
neering Applications of Artificial Intelligence, 21(5):683–
690, 2008.

N. Policella, A. Cesta, A. Oddi, and S. F. Smith. From Prece-
dence Constraint Posting to Partial Order Schedules.AI
Communications, 20(3):163–180, 2007.

S. Prestwich. A Hybrid Search Architecture Applied to
Hard Random 3-SAT and Low-Autocorrelation Binary
Sequences. InCP00. The 6th International Conference
on Principles and Practice of Constraint Programming,
volume 1894 ofLNCS, pages 337–352. Springer-Verlag,
2000.

M. G. C. Resende and C. C. Ribeiro. Greedy Randomized
Adaptive Search Procedures. In F. Glover and G. Kochen-
berger, editors,State of the Art Handbook in Metaheuris-
tics. Kluwer, 2002.
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