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Abstract Iterative Flattening SearchrS) is a meta-heuristic constituent flattening procedure. On one hand, one might
strategy for solving multi-capacity scheduling problef@ien expect that efficiency of the flattening process is key: the

an initial solution,IFs iteratively applies: (1) aelaxation-

faster the flattening procedure, the greater the number of it

step in which a subset of scheduling decisions are randomlgrations (and humber of sampled solutions) for a given time
retracted from the current solution; and (d)atening-step  bound; and hence the greater the probability of finding bet-
in which a new solution is incrementally recomputed fromter quality solutions. On the other hand, the use of more ac-
this partial schedule. Whenever a better solution is foundgurate (and more costly) flattening procedures can increase
it is retained, and, upon termination, the best solutiomébu the probability of obtaining better quality solutions evén
during the search is returned. Prior research has siesin  their greater computational cost reduces the numberf

be an effective and scalable heuristic procedure for miimi iterations. Comparative results on well-studied benchkmar
ing schedule makespan in multi-capacity resource settingsproblems are presented that clarify this tradeoff with eesp

In this paper we experimentally investigate the impact© Previously proposed flattening strategies, identifyligua
on IFs performance of algorithmic variants of the flattening tative guidelines for the design of effectives procedures,
step. The variants considered are distinguished by diftere and suggest some new directions for future work in this area.
computational requirements and correspondingly varyén theywords Scheduling meta-heuristicsiterative sampling
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, the&s optimization process is 1 Introduction
driven by two different and contrasting mechanisms: the ran
dom sampling performed by iteratively applying the “relax- Given the complexity of the scheduling problem, research
ation/flattening” cycle and the search conducted within théas investigated several non-systematic solution appesac
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to various classes of problems. Stochastic local searchgHo
and Stutzle, 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 SearchrS). IFs was first introduced in
[Cestaetal., 2000] as a scalable procedure for solvingmult
capacity scheduling problems:s is an iterative improve-
ment heuristic designed to minimize schedule makespan.
Given an initial solutionFs iteratively applies two-steps:
(1) a subset of solving decisions are randomly retracted fro
a current solution (referred to as tredaxation-stef; (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-



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 multiplesgin
was introduced which substantially improved the quality of
the schedules generated while preserving computational e
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 fromn
the substitution of different algorithmic components foe t
component flattening and relaxation steps.

More recently Oddi et al. [2008] initiated a systematic
study aimed at evaluating the effectiveness of siruglm-
ponentstrategies within the same uniform software frame-_ ] o ]
work. In this work a genericrs procedure was defined and Fig. 1 A high-level description of theFLAT solving process
component strategies taken from previous works were im-
plemented and evaluated in this uniform framework. In par-
ticular, the utility of operating with different relaxatistrate- ent flattening procedures. Our analysis follows the idet tha
gies was analyzed. Experimental results shed light on rel&@nce a time bound for the overall optimization procedure
tive performance of the previously proposed relaxation prohas been fixed, thes optimization process is driven by two
cedures, and led to the definition of a more effective, comdifferent and contrasting mechanisms: the random sampling
posite relaxation strategy. [Gomes, 2003, Langley, 1992] performed by application of

Fig. 1 graphically illustrates thees solving process. A the “relaxation/flattening” steps and the search provided b
target search space is shown where the darker areas réE_e constituent flattening procedure. In fact, we can oleserv
resent regions of consistent solutions. The solving procedhat on any iteration of the=s loop, a new solution is ran-
starts from an initial, inconsistent situation (left-haside ~domly sampled together with a setrarbysolutions (gen-
of the picture) and then computes an initial solution (thickerated by the flattening procedure). On one hand, one might
arrow) by applying a EATTEN operator. Once a solution is expect that efficiency of the flattening process is key: the
obtained, a perturbation step is taken (dashed arrow) by af@ster the flattening procedure, the greater the numbe of it
plying a RELAX operator to retract one or more decisionsérations (and number of sampled solutions) for a given time
in the current solution. This step moves the solving procesB0und; and hence the greater the probability of finding bet-
back to an inconsistent situation and implicitly takes adiv  t€F quality solutions. On the other hand, the use of more ac-
sification decision. Then, from this new inconsistent statecurate (and more costly) flattening procedures can increase
a new solution is computed by again applying thexk the probability of obtaining better quality solutions evén
TEN operator. Of course, it is possible to perform more tharfheir greater computational cost reduces the numberf
one relaxation step in a given iteration (as done for examierations. This work attempts to evaluate this tradeoff an
ple by Michel and Van Hentenryck [2004]). Broadly speak-answer the question of whether it is better (for a given time
ing, multiple relaxation steps amplify the diversificatiag  limit) to maximize the number ofs cycles or to rely on
pect and enable exploration of a different set of solutionsmore effective (but slower) flattening procedures.

In the figure, the process evolves through the production of
two new solutions by applying theERAX operator multi-

ple times (2 and 3 respectively). Despite its simplicity th
IFS approach has several desirable characteristics. One im-

portant aspect is its scalability: empirical results hav@n  plan of the paperThe remainder of the paper is organized
that the approach can efficiently and effectively solve probas follows. First, the reference scheduling problem iskjyic
lems of significant size. Another valuable property is itd-ab  introduced. Next the=s algorithmic template, the relaxation
ity to provide solutions at “any time”. The solving processstrategy to be assumed and the set of flattening (solving)
can be terminated after any ATTEN step, withiFs simply  strategies to be analyzed are described. Performancésresul
returning the current best solution found. are then given which indicate the pros and cons of using flat-

In this paper, we continue the study of component stratetening procedures of different complexity and effectivene
gies initiated in [Oddi et al., 2008]. We take as our startingThis is followed by a broader discussion of similar algorith
point the best relaxation strategy found in this work, andmic ideas that have appeared in the literature. Finally we
focus on the complementary issue of understanding the pediscuss further opportunities for extending and enhancing
formance characteristics and relative advantages ofrdiffethe iterative flattening search concept.




2 The Resource Constrained Scheduling Problem 'bFS(_SrMMFa”)
egin

. . 1. est — S
In this paper we applyFs to instances of the Resource Con- 5 (:S(";u;ter 0

strained Scheduling Problem. This is an NP-hard optimizas. while (counter < MazFail) do

tion problem [Blazewicz et al., 1983] and is formulated as?- RELAX(S)
a set ofn activitiesa; (i = 1...n) andr (renewable) re- 2 5 —FLATTEN(S)
. 6. if MK(S) < MK(Spes+) then
sourcesk = 1...r. A constant amount of, units of re- ; Sour — S
sourcek is available at any time. Activity,; must be pro- 8. counter— 0
cessed fop; time units. During this time period a constant 9. else

amount ofr;, units of resourcé is occupied. Furthermore, 19 countek— counter + 1
1. return (Spest)

precedence constraints are imposed between activities to d,,q

scribe a project precedence graph. These are given by rela-

tionsa; < a;, wherea; < a; means that activity,; cannot iy 5 The ks general schema

start before activity:; is completed. The objective is to de-

termine starting times; for the activitiesa; (i = 1...n)

in such a way that: (1) for each tintehe total resource de- peatedly modified within the while loop (Steps 3-10) by

mand is less than or equal to the resource availahijitior ~ the application of the RLAX and FLATTEN procedures. On

each resourck; (2) all given precedence constraints are sateach iteration, the R.AX step reintroduces the possibil-

isfied; and (3) the makespa®,,.. = mazx;—1. ,{C;} is ity of resource contention, and the &TTEN step then re-

minimized, whereC; = S; + p; is assumed to be the com- stores resource feasibility by leveling (or flattening)ed¢d

pletion time of activitya;. contention peaks(s). In the case a better makespan solution
For the experimental analysis considered later in thigss found (Step 6), the new solution is savedSp..: and

paper, benchmarks problem sets are drawn from two dighe counteris reset to0. If no improvement is found in

tinct resource-constrained scheduling problems: the iMult M ax Fail moves, the algorithm terminates and returns the

Capacity Job Shop Scheduling Problemc(ssp and the best solution found.

Resource Constrained Project Scheduling Probleor§p.

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 whilecissphas

been a standard reference benchmark for comparing the

the analysis with th&®CPSPinstancies represents a unique

contribution of this work.

3.1 Preliminaries

The algorithms we are describing here are all based on a
representation of the basic scheduling problem as a prece-
dence graplG(A, E), where A is the set of problem ac-
tivities, plus the two fictitious activitie8,y,ce andagink,
3 lterative Flattening Search and E is the set of directed edgés,;, a;) representing the
set of precedence constraints < a; defined among the
As in [Oddi et al., 2008] our goal is to use a uniform imple- nodes inA. A solution S is given as an extended graph;
mentation framework to study component procedures thaf G, such that an additional set of precedence constraints
have been proposed in previowrs models. The main idea is added to “solve” the original problem. Hence, the Bet
is to isolate the effects of various component partsFsf  is partitioned in two subsetdy = Ej.op U Epost, Where
algorithms and understand how the effectiveness of parts irF,rob IS the set of precedence constraints originating from
fluences the effectiveness of the complete algorithm. We fothe problem definition and,,; is the set of precedence
cus in particular on examining the utility of operating with constraints posted to resolve resource conflicts. In génera
different flattening strategies, and assume as the referenthe directed grapli-s(A, E) represents a set of temporal

relaxation strategy the best strategy found in [Oddi et al.solutions(S1, Sa, ..., S,), that is a set of assignments to

2008]. the activities’ start-times which are consistent with tecf
Fig. 2 introduces the generies procedure. The algo- constraintsZ and the set of imposed resource constraints.

rithm basically alternates relaxation and flattening staps In the following we consider flattening (solving) proce-

til a better solution is found or a maximal number of itera-dures which output as a solution either (1) a partial order
tions is executed. The procedure takes two parameters as ifis or (2) a set of assignments to the start-times of activ-
put: (1) an initial solutiort; (2) a positive integeM axFail  ities (S1,S52,...,5,). In the latter case, it easy to elimi-
which specifies the maximum number of non-makespan impate the “solution rigidity” introduced by the absolute tem
proving moves that the algorithm will tolerate before ter-poral constraints inserted as decisions and convert itanto
minating. After initialization (Steps 1-2), a solution is-r graphGgs. One way of doing this is to transform the solu-



1 + 1, 1 CPRELAX (S,py, MaxRlzs)
1 1 yDry
3 5 \2‘ ,\‘ begin
1 1 1. for k = 1to MaxzRlxs
5 ’ 5 2. forall (a;,a;) € CriticalPathG) N Epost

2 4 3. if random(0,1x p,

2 2 7 3 3 LA 4. then S — S\ (a;,a;)
end

Fig. 3 An example of Partial Order Schedule (POS)
Fig. 4 Relaxation procedure based on removal from critical path

tion (51,52, ...,5,) into aPartial Order Schedul¢POS)

[Policella et al., 2007]. are chosen, which supplies the units of resource required by
The common thread underlying a POS is the charactef — @ precedence constraifit, a;) is posted for each pre-

istic that activities which require the same resource Larits decessop. The last step is iterated until all the activities are

linked via precedence constraints into precedesfeains  linked by precedence chains and the constraints in (1) are

Given this structure, each constraint becomes more than jugatisfied.

a simple precedence constraint, but represem®ducer-

consumerrelation, allowing each activity to be connected

with the set of predecessors which supply the units of re3.2 Relaxation Procedures

source it requires for execution. In this way, the resulting

network of chains can be interpreted aficav of resource The first part of thers cycle is therelaxationstep, wherein

units through the schedule; each time an activity completed feasible schedule is relaxed into a possibly resourceinfe

its execution, it passes its resource unit(s) on to its sicceSible, but precedence feasible, schedule by retractingsom

sors. Fig. 3 shows an example of Partial Order Schedule fgtumber of scheduling decisions. Given the above described

a single resource with capacity= 5. In particular, activities ~9raphrepresentation, each such decisiorpizaedence con-

are represented as rectangles and edges represent the pr@@@intbetween a pair of activities that are competing for the

dence constraints. The numbers inside the rectangles rep@Mme resource capacity. In [Oddi et al., 2008], variants of

sent the resource requirements and the labeling numbers iee relaxation strategies were considered. The first stra

the directed edges represents the flow of resource units supdy. used in [Cesta et al., 2000, Michel and Van Henten-

plied to a generic activity,; from its predecessors in order 'Yk, 2004], removes precedence constraints between pair

to satisfy the imposed resource constraint. For exampge, trof activities on thecritical path of a solution; and hence is

activity which requirest units of resource receivesunits ~ calledcp-based relaxationThe second strategy, from [Go-

of resource from each of its two predecessors and suppliesdard et al., 2005], starts from a POS-form solution and ran-

and3 units of resource respectively to its two successors. domly breakssome chains in the input POS schedule, and
In general, a solutios = Gg(A, Epos) is in POS- hence is given the nanmehain-based relaxatianThe third

form if for each resourcé there exists a labelling function Strategy, defined for the firsttime in [Oddi et al., 2008]eint
fr © Epos — [0..cx] representing the flow of resource leaves the first two strategies in a way that promotes a better

units among the activities such that for each activitghe ~ Palance betweediversificationand intensification[Blum

following constraint holds: and Roli, 2003]. This third strategy, referred to @smbo
Relaxationwas found to yield the best performance and ac-
Z fe(p,a;) = Z frlai, s) = ru (1) cordingly we adopt this as our baseline relaxation strategy
peprec(a;) pEsucc(a;) in this paper. To define it more precisely we first briefly de-

scribe the two base strategies that it integrates.
whereprec(a;) = {p|3(p,a;) € Epos)} andsucc(a;) =

{s|3(ai,s) € Epos)} exist.! Given an input solutiors
(represented either as a graph or as a set of start-time v
ues) a polynomial transformation method, nameda(! -
ING, can be defined that creates sets of actightgins[Po-
licella et al., 2007]. This operation can be accomplished in .~ o
three steps: (1) all the previously posted leveling coirssa  2CUVII€Sa1; a2, .. -, ax, such thatfa;, a; 1) € E with i =
are removed from the input partial order; (2) the activitiesl_’ _2? oo (B - 1)_' Thg length of "?‘Path IS the sum of the ac-
are sorted by increasing activity earliest start times;f¢8) tivities processing times andaitical pathis a path from

each resource and for each activity(according to the in- @source 10 asink Which determines the solution’s makespan.
creasing order of start times), one or more predec(wsorsAny|mprovement|n makespan will necessarily require cleang

to some subset of precedence constraints situated anithe
1 pred(asource) = succ(asink) = 0 ical path, since these constraints collectively determine the

a:2.1 Precedence Relaxation

The cp-based relaxatiorstrategy is centered on the solu-
ﬁion’s critical path. A pathin Gs(A, E) is a sequence of




CHAIN RELAX (S, pr) 3.2.3 Combo Relaxation

begin

1. foreach activity a; . . .

o if random(0¥16;< »,. then The Combq Relaxatioprocedure mterlgaves the previous

3. foreacha, € pred(a;) N E.p remove(a,, a;) two strategies. It usesHAINRELAX as its default, except

4. foreachas € succ(ai) N Ecp, remove(as, as) when an improved solution is found within thes loop

5. Applythe CHAINING procedure (i.e., when the boolean condition at Step 6 in the algorithm
to the subset of unselected activities . . . .

end of Fig. 2 is found to be true). In this case the relaxation

procedure is temporarily switched wPRELAX, until the
makespan can no longer be improved, (i.e., as long as the
boolean condition at Step &/ k(S) < Mk(Spest) remains
true). Hence, the procedure considers as input parameters

solution’s current makespan. From this observation, the ré)Oth tr(;e parameters (';Ofr truﬁ)—bﬁgedbrelazatlcl)nomponent
laxation step is designed to retract some number of poste(é?T andM az Rlzs) and for thechain-based relaxatiooom-
precedence constraints on the solution’s critical patty. 4i ponept@r). . . o
shows thecPRELAX procedure. Steps 2-4 consider the set It is worth observing that theritical path relaxation is

of posted precedence constraints which belong to the cufiore targ_eted tq Fiirectly reducg the _rr_lakespan ofe_lsq.lution,
rent critical path. A subset of these constraints is rangtomlbecause it specifically relaxes its critical path, whichiis d
selected on the basis of the parameter (0, 1) and then rectly correlated to the solution’s makespan. Howevemhsuc
removed from the current solution. These steps are iteratelyProcedure also seems more prone to becoming trapped in

MazxRlxs times (effective values range from 2 to 6), such'ocal minima Qn thg contrary, thehain-basedelaxation
that, a new critical path of is computed at each iteration removes activities without regard to whether they are on the

Notice that this path can be completely different from theCritical path, hence promoting a search with an higher de-

previous one. This allows the relaxation step to also tak@"€€ ofdiversification As observed in [Oddi et al., 2008]

into account those paths whose length is very close to th@e combination of the two strategies provides a better bal-
critical one ance between diversification and intensification. In fast, a

soon asCPRELAX is not able to improve the makespan,
the relaxation strategy is reverted ¢®AINRELAX, which
increases the probability of escaping the local minima. On
the contrary, when the makespan is improved, the relaxation

3.2.2 Chain Relaxation strategy in switched toPRELAX, which should increase the
convergence rate to a local minima.

The chain-based relaxatiostrategy requires an input solu- As mentioned earlier, we choose this last relaxation strat-
tion in POS-form. As explained above, a solution in POS-29Y as the reference for the experimental analysis of this pa

form is an extension of the original precedence graph tha?€r based on the performance study of [Oddi et al., 2008].
represents the input scheduling problem. A POS is a graph

Gs(N, Epos), such that the sebpps = Eprop U Eep, is
composed by a set athains Each chain imposes a total

order on a subset of problem activities requiring the sam@qin pase relaxation proceduresRELAX andCHAINRE-
resource. Given a generic activity, pred(a;) is the set of | oy create a intermediate solution with contentjoaks
its predecessor activities andcc(a;) is the set of its suc- (i e intervals of contention in resource usage). The oble
cessors activities. the flattening step is to level (fiatter) these peaks, through
ThecHAINRELAX procedure, shown in Fig. 5, proceeds the introduction of additional activity ordering or starhe
in three steps. First, a subset of activities from the input s assignment decisions. We have implemented two general
lution S are randomly selected on the basis of the parametesearch templates for flattening peaks and producing a re-
€ (0,1). Second, the edgés,,, a;), a, € pred(a;) and  source feasible solution, the first based on Precedence Con-
(ai,as), as € succ(a;) are removed without updating the straint Posting (PCP) as in [Cesta et al., 2000] and the sec-
start timesest; of the activities. Finally, the GAINING pro-  ond based on Set Start Time (SST) strategies as in [Godard
cedure is applied to the set of activities that have not beeat al., 2005]. In principle, both solving algorithms can be
removed by the random selection. It is worth observing thatonfigured to perform a complete search through depth-first
this set of activities still represents a feasible solution backtracking. However in our implementations, we limit the
a scheduling sub-problem, which can be transformed intoaumber of backtracking steps for purposes of scalability to
POS-form, in which the randomly selected activittesat  value dependent on the size of the input problem. Both algo-
outside the solution thus re-creatiogntention peaks rithms can also be augmented to incorporate resotooe

Fig. 5 Relaxation based on removal from POS chains

3.3 Flattening Procedures
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pcrPqP, S) ssTqP, S)

begin begin

1. Propagate(S) 1. Propagate(S)

2. if IsSolution(S) 2. if IsSolution(S)

3 then return(S) 3. then return(S)

4 else 4. else

5. mes «— SelectConflict(P,S) 5. a; < SelectActivity(P,S)
6. if Solvablefncs, S) 6. if ExistFeasibleEST(;, S)
7 then 7. then

8 pc «— Choosé’recedence(Sncs) 8. est; «— Choos&ST(S,a;)
9. pcPYP, S U {pc}) 9. SSTHP, S U est;)
10. else return(fail) 10. else return(fail)

end end

Fig. 6 The PCPS algorithm Fig. 7 The SSTS algorithm

straint propagationfor checking consistency and for tight- the procedur®ropagatededuces effects of both current re-
ening the domains of activity start and end time variablesource and temporal constraints. It then proceeds to com-
as scheduling decisions are made. For both general flattepute a resource conflict (Steps 2-5). If this set is empty the
ing procedures, we define a variant of the basic templateSS is also resource feasible and a solution is found; oth-
that uses d&ime Tablingalgorithm [Le Pape, 1994] to this erwise if a conflict exists that can be solved, a new prece-
end, and a variant that does not exploit resource propagéence constraintis posted to do so (Steps 8-9); otherwase th
tion. This gives us a variety of procedures for evaluatiorprocess fails (Step 10). For further details on the funetion
with different degrees of complexity and effectiveness. InSelectConflict()andChoosePrecedence@ non determin-
the subsections below, we first describe each of the aboustic version of the precedence selection operator) théerea
mentioned algorithmic building blocks. should refer to the original implementation in [Cesta et al.
2002].

3.3.1 PCP SearchrcPg 3.3.2 SST Searcls$T9

The flattening step (see Fig. 6) used in [Cesta et al., 2000] is ) _ )
inspired by prior work on the Earliest Start Time Algorithm The second solvm.g proce_dure is based on th_e _|dea of s_earch-
(EsTA) from [Cesta et al., 1998]. The algorithm is a variant'"9 the set of pos§|ble asag_nr_nent_s to the activity stgﬂa&._
of a class of PCP scheduling procedures that utilize a twoR Ul implementation 0§STSsis inspired by one descr|bgd n
phase solution generation process [Godard et al., 2005]. It can be seen asegial scheduling

The first stepconstructs an infinite capacity solution scherne{Kohs_ch, 1996].’ which branches the search on the
The problem is formulated as an STP [Dechter et al., 1991 ossible earliest start times [Dorndorf et al., 2000]. Aurec
temporal constraint network where temporal constréints ive and non deterministic version of the solver is shown in

are modeled and satisfied (via constraint propagatiorylyie Fig. 7. At Step 1 the proceduréropagatepropagates re-

. : . . e gource and current temporal constraints. In particular, fo
ing a time feasible solution that assumes infinite resourc - ! . :
capacity each activitya; updates its earliest start-timat; and lat-

. est finish timel f¢,. When the output solutio§ is a com-
The second stdpvels resource demand by posting prece- . . .
. . : lete and resource feasible solution (each activity hagaa fe
dence constraintsResource constraints are super-imposed. ; . it ¢
by projecting “resource demand profiles” over time DetéctesIble start-time assigned), the procedure returns it P
y prol 9 P 3). Otherwise an activity is selected on the basispfiarity

resource conflicts, which are Minimal Conflict Sets (MCS) rule. Currently, we select the activity with thainimal ear-

as in [Cesta et al., 2002], are then resolved by iteratively. . . .
. [ . ' l : yu ¥|est resource feasible start tinfand ties are broken by the
posting simple precedence constraints between pairs of com

: L . . . minimal latest finish time values). Given a selected activ-
peting activities. The constraint posting procesgsfA is ity a;, the searclbranches(Step 8) on all possible resource
based on the Earliest Start Solution (ESS) consistent Wij\y 2 P P

currently imposed temporal constraints. At Step 1 of Fig. easible assignments of the earliest start-tirm.

2 Ina STP (Simple Temporal Problem) network we make the follow 3.3.3 Time-Tabling Propagation
ing representational assumptions: temporal variablesirf@-points)

represent the start and end of each activity, and the begjranid end As stated above, it is possible to augment the flattening pro-
of the overall temporal horizon; distance constraintsesgnt the du- !

ration of each activity and separation constraints betvesgimities in- Cedl'_'res tOl make use of Time _Tabling propagation. Time-
cluding simple precedences. Tabling relies on the computation for each resoutcand



every instant of theaggregated necessary demanduced
by the current set of activities; 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 instarthat would necessarily
lead to an over-consumption of resource.

Let us suppose that an activity requires;; units of a
given discrete resourdeand the following condition holds
on the latest start-timé<t;) and the earliest finish-time f¢,)
of a;: Ist; < eft;. In this casegq; will always execute over
the time interva(lst;, e ft;) and will surely require-;;, units
of resourcé; over this time interval.

For each resourde a necessary demand profilépy, (t)
is maintained thatggregatesall these single activity de-
mands. When there exists an instasuch thatpdy (¢) is
strictly greater tham;, — the capacity of the resourée- the
current schedule imconsistentin addition, suppose there
exists an activityz; requiringr;; units of resourcé and an
instantt,,;, such thateft; < t,, < lft; andvt € [tup,ft;)

procedures return the solution found with minimal make-
span withina - n backtracking steps, where is the
number of activities in the problem. The complexity of
the basic solving procedure (without backtracking) is
O(d - (n®> + n - Smaz)) in the case in which we use
Time Tabling propagation, and(d - n?) in the case in
which we don't, wherel is the number of precedence
constraints posted, and ands,,,.,. is the complexity of
Time Tabling propagation. In the worst case- O(n?),

but in many cases we can assuiine O(n).

Two IFs procedures based on SST search nas®ts
andssTSPROPR, wheressTsPRomsimilarly uses Time-
Tabling propagation anglsTsdoes not. As beforegsTs
PROP(Or SST9 uses a parameterto bound the number
of backtracking steps to the valde- n and returns the
best makespan solution found within- n steps. The
complexity of this basic solving procedure (without con-
sidering backtracking) i©(n(n*+n- sma.)) in the case
that Time-Tabling propagation is used af¢h?) in the

the conditionndpy (t) + ri > ¢ holds. Then, activity; case thatitisn't.

cannot end aftet,;, otherwise it would over-consume the . . .
Va'he above four solving procedures vary in complexity and

resource. Similar reasoning can be applied for finding ne .
g PD g search structure, and the use of each as the flattening step

lower bounds;; for the start-times of activities. " ) . L2
. . : i . . within IFs offers an alternative tradeoff in emphasis with
The main advantage of this technique is its relative sim-

- . o . o respect to the computational effort put into generating one
plicity and its low algorithmic complexity, which i®(n - : .
. - : solution sample and the number of solutions sampled dur-
Smaz ), Wheren is the number of activities ang,, . is the . .
. . , ing the search. In the experimental section that follows we
maximum slack valuéft; — est; — p;. In practice, Time-

Tabling is one of the principal techniques used for Sche'gest the effects of each of these procedures on two different

. . . . enchmarks of Resource Constrained Scheduling containin
duling discrete resources. However, it is worth noting thap 9 9

. . . instances of different sizes and structures.
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 cug- . .

. . . ) Experimental Analysis
rent solution, we have to either incur the complexity of ar-

riving to thefixpointor limit the number of iterations to a This section presents the results of our investigation ef th
constantknown value. possibilities offered by different flattening algorithmélwin
thelFs metaheuristic strategy. We subdivide the experimen-
tal analysis into two phases. First, we perforneaplorative
evaluation on subsets of the benchmarks described in this
section, to test the effectiveness of all variants acroasge
Following the approach taken in [Oddi et al., 2008], we aimof parameter settings. This phase is aimed at selecting the
at studying the effects of single “componerts strategies.  best variants for the second intensive phase. In this second
As previously mentioned, we consider as given the use gbhase, we evaluate the selected variants on the entire bench
the Combo Relaxation strategy previously found to performmark problem suites.

best and concentrate on exploring the effects of the flatten-

ing strategies of increasing complexity and effectivenkss
particular we consider the followings procedures:

3.4 Iterative Flattening Search Variants

4.1 Benchmark Problems
— Two IFs procedures based on PCP search narerls  As stated earlier, we consider two types of resource-caingd
andpPCcPSPROR WherercPsPROPUses thdime-Tabling scheduling problems: the Multi-Capacity Job Shop Schedu-
propagation aneécpsdoes not. BottpcpsandpPcPs  ling Problem (ACJSSP and the Resource Constrained Project
PROPare implemented as a depth-first backtracking proScheduling ProblemRCPSB. These problems and bench-
cedures using an input parameterwhich is used to mark problem sets are briefly summarized in the paragraphs
limit the number of backtracking steps. In particular, bottbelow.



The Multi-Capacity Job-Shop Scheduling Problém  instances are generatedBgpGen a well-known algorithm
volves synchronizing the use of a setsafrenewable re- forthe generation of a general class of precedence andreesou
sources to perform a setwbs.J = {ji ..., } overtime. constrained scheduling problems. In particular, benckmar
The processing of a jol; requires the execution of a se- instances are available with sizes3of, 60, 90 and120 ac-
quence ofn activities{a;, .. .a;,, }, eacha;; has a constant tivities, called respectively30, J60, J90 and J120. The
processing timey;; and requires the use ofsingle unitof ~ random generation algorithm ProGen accepts as input sev-
resource for its entire duration. Each resoutds required  eral parameters, which characterize problem hardness. In-
only once in a job and can process at mgshctivities at  deed, within the J120 benchmark, there are still several in-
the same timed; > 1). Hence, broadly speakingicissp  stances which are not solved to optimality in spite of a large
has the same causal structure of the Job-Shop Schedulingmber of powerful algorithms that have been proposed in
Problem §ssp but involves multi-capacitated resources in-the literature over the past twenty years. In the followirey w
stead of unit-capacity ones. For our analysis, we referdo thconsider a subset of this benchmark for our analysissf
benchmarks introduced by Nuijten and Aarts [1996]. Theyflattening strategies.
consist of four sets of problems which are derived from the  For theexplorative phasee consider Set C of theCcJssp
Lawrence job-shop scheduling problems [Lawrence, 1984henchmark? (20 instances) and a random selection of 20
by increasing the number of activities and the capacity ohard instances of J128CPSP— named J120-20 — for which
the resources. In particular we distinguish: optimal solutions are still not known. For tirgensive phase
Set A: LA1-10 x 2 x 3 (Lawrence’s problems numbered 1 We consider the full benchmark suite of @eJSSAnstances

to 10, with resource capacity duplicated and triplicated)@nd a benchmark set acPspinstances — named J120-80 —

Using the notation #jobs#resources (resource capacity) obtained by the union of the previously selected 20 hard in-

this set consists of 5 problems of siz#5(2), 30x5(3),  Stances and a further random selection of 60 instancegwithi

30%5(2), 45 x 5(3). the set of J120 problems proposed in the literature.

SetB: LA11-20x2x 3. 5 problems each of sizef x 5(2),
60x5(3),20x10(2), 30 x 10(3).

Set C: LA21-30x2x3. 5 problems each of siz&§x10(2), 4.2 Explorative Experiments
45x10(3), 40x 10(2), 60 x 10(3).

Set D: LA31-40x2x3. 5 problems each of sizé§x10(2),  In the following we evaluate a variant of thes schema
90x10(3), 30 x 15(2), 45 x 15(3). that incorporates each of the 4 flattening procedures intro-

These benchmark problems represent an interesting and chdc’:llfcefl n Stectlt_)trr: ?I_'APCP_I_S?)T_d SSTS and their rtespe:;ctlve
lenging benchmark for comparing algorithms. In relativelyCoun erparts with 1ime-1abling resource constraint propa

few instances they cover a wide range of problem sizes. Aqatlon, PCPSPROPandsSTSPROR Each variant incorpo-

the same time, the difficulty of various instances are to som{eateS theCOMBORELAX sirategy as the relaxation step. Al

extent understood. As noted in [Nuijten and Aarts, 1996],algorithms were implemented in Allegro Common Lisp .and
one consequence of the problem generation method is thgre runon a Pentium 4 processor.2.6 GHz, unde.r Linux.
the optimal makespan for the original JSSP is also a tigh't;Or the explorgtory stage, the following general settigs f
upper bound for the correspondimgcissr Hence, even the|Fs strategies were assumed:
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.

The Resource Constrained Project Scheduling Problem
(RcPsh is a more general scheduling problem. According
to the definition given in Section 2, it consists of a sehof
activities and a set af renewable resources. Each resource
k is available in a given constant amount. Each activity 5 oy pothpcpsandssTs different amounts of backtrack-
has a duratiop; and requires apon;tant amount of resource ing were considered by settingto the following per-
r;x t0o be processed. Preemption is not allowed. Activities centage values € {0, 5, 10, 15, 20, 25,30} — for ex-
are related by two sets of constraints: temporal consgaint
modelled through precedence constraints, and resouree con
straints that state that for each time instant and for each re 2 Set C was chosen for testing in the initial exploratory phase
source, the total demand cannot exceed the resource cagause it is a quite representative subset of Mtwsspinstances. It
city ;. The bjecive considered here i also makespan mirfTa stances et re very neretog sictustchlengng
imization, in this case of the project. We consider instanceror exploring interesting trends among tfes strategies before a time

of RCPSR available at http://129.187.106.231/psplib. Thes@onsuming intensive testing.

The initial solution for eachrs 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 thanfinite capacitysolution) and thus ini-

tial solution generation did not require any backtracking
step.

ample, the valué0 means that the procedure executes a




Table 1 Set C - preliminary experiments

PCPS SSTS
“ pr=10  p. =15 __ p, =20 pr=10  p,=15 _ p, =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 55 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 51 8.6 7.8 6.4
30 25 34 5.1 9.6 7.8 6.5

Table 2 J120-20 - preliminary experiments
PCPS SSTS

“ pr=10 p.=15  p, =20 pr=10  p,=15  p. =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 11.0 115 10.8 10.0 9.9
5 9.1 9.4 111 9.3 8.8 8.2
10 7.8 9.8 111 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 %ial solution until the time bound is reached. At the end, the
of the number of activities. best solution found is returned.

3. For thecoMBORELAX strategy the probability values Table 1 compares the performance of eachstrategy
pr for both the critical-path relaxation and chain-basedy, themcisses Set C with respect to the valudLW Us,,
relaxation strategies were set to the same percentage Vglnich represents the average percentage deviation from the

uesp, € {10,15,20}. Lawrence upper bound [Lawrence, 1984]. Given a numeric
4. The paramete¥/ax Rlzs was set tdllazRlzs = 6 for  yajye in the table, (for examplz1) the correspondingrs
the critical-path based relaxation. strategy is given by reading the column’s labetésor

5. A 400 seconds timeout value was imposed on the Set %STS, representing the solving strategy, and the row’s la-
problem instances arii)0 seconds for the J120 problem e (eitherPropagationor No Propagatio, indicating the
Instances. inclusion of Time-Tabling propagation in the correspomgin

6. For each strategy we s#faxFail = 3200 (the maxi-  fjattening procedures. Within this identified sub-table,do
mum number ohon improvingmoves that the algorithm - giyen numeric value, we have the corresponding values for
will tolerate before terminating). the parameters andp,. (for example, the performance value

2.1 is obtained by using the combinatierPsandNo Prop-

In addition, in order to fully exploit the allotted time, we adation with parameter values = 15 andp, = 10).

adopted the same restarting scheme used in previous works Table 2 compares the performance of eaehstrategy
[Cestaetal., 2000, Michel and Van Hentenryck, 2004]. Spedcross the selected 20 instanceBOPSPusing the same no-
ically, in the case that a first run finishes before the imposethtion as in Table 1. Some trends are evident from the results
time limit, the random procedure restarts from the same iniin Tables 1 and 2:
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1. pcpsperforms better thaasTs 3200 (the maximum number ofion-improvingmoves

2. Resource constraint propagation has an opposite effect that the algorithm will tolerate before terminating).
in solving the two benchmark sets. In fact, in the case
of MCJssPSet C (where problems range in size pet-Table 3 shows the average valuad.W Uy, for both the
ween 300 and 600 activities) better performance is obfull sét MCIsspand the single subsets A, B, C and D. The
tained without the use of Time-Tabling propagation. Al- results reasonably confirm the behavior found in the first

ternatively, in the case of J1&&PSPproblems, resource preliminary phase: the PCP-based procedures outperform
propagation improves performance. the SST procedures; and, on average (coléh) the IFs

procedures not using propagatismcpsandssTg outper-
form their propagation counterparis@psPROPaNdssTS
PROP. However, when we analyze performance for the sin-
4.3 Intensive Experiments gle subsets (Set A, B, C and D), we observe that on Set A
(the smallest problems, which range in size between 100 and
In this section we analyze the behavior over time of the bes225 activities) the best procedures are those that incatgor
performingIFs strategies from the exploratory phase on theTime-Tabling propagationPCPSPROPaNdSSTSPROBP.
full 80 instances of th&icisspbenchmark problem suite
and on the extended 80 instance subset of the XHEP
benchmark suite. Recall that the aim of this study is to ex120e 3 ALW Uy, values on the complete benchmark
perimentally evaluate the tradeoff associated with usktg fl SetA SetB SetC SetD Al
tening procedures of varying computational complexity and PcPsPrROP| -0.16 -1.29 153 1.64 043

effectiveness. Our analysis is centered around the ideéa tha  P¢PS 011 -166 048 023 -0.26
. . S . SssTspPrROP | 0.20 -0.39 4.07 3.59 358
given a time bound to the optimization process, therefsa SSTS 041 -074 281 244 123

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- AN €xpanded view of the same data is offered by the

cedure becomes, the smaller the number of iterative san@r@Phics shown in Figures 8 and 10, where we represent the

pling cycles that can be performed within the time limit Valu® ALW Uy, over computation time. This view of dy-

becomes. Our study evaluates four different flattening pro?@mic solving performance adds further information with

cedures of increasing complexity, to analyze this algarith "€SPect to the content of Table 3. First of all, we see that
design trade-off with respect to input problem size and im{n€ difference in performance between the different vasian
posed CPU bounds. For this intensive experimentation w8f @ given solving procedure (i.e2cPSPROPandPCPSor

adopted the settings for the parametesndp, which gave ssTsPRoOPandssTg generally tends to shrink as time pro-

the best results in the preliminary phase and allocated mo@€SSes. In the extreme case of Set A, there is a time in-
time to the experimentation. More specifically: stant at which both solving procedures with Time-Tabling

propagation begin to outperform their counterparts withou

1. In the case oficissPinstances, we adopted the param-propagation, and the best overall performing procedure is
eter settingsy = 15 andp,, = 10 for both thepcPs PCPSPROR
andrcrsPRoPprocedures, as these settings yieldedthe  The same trend of Fig. 10(a) for Set A is shown in Fig. 9
best performance in the preliminary results of Table 1for theRCPSPbenchmark J120-80, where we report the per-
Alternatively, for thessTsandssTsPRoPprocedures, formance of our algorithms as the average percentage devi-
we selected the values = 5 andp,. = 20. Precedence ation from the best known makespan solutions. We observe
and chain relaxation strategies use the same parametdiat even in this case we have problem instances with rela-
D tively small sizeg120 activities).

2. In the case oRcPSPinstances, we adopted the param-  Again, we see the PCP-based procedures outperform the
eter settingsy = 25 andp, = 10 for both the pro- SST procedures, and after a given time instant the solving
cedurercpsandPcPSPROR these settings yielded the procedures including resource propagatmofspProPand
best performance in the preliminary results of Table 2SsTsPROBP outperform their counterparts without propaga-
Whereas for the procedurssTsand sSTsSPROPwe  tion and the best performing procedur@isPsPROP

selected the values = 15 andp, = 15. As above, Broadly speaking the mairrs steps can be compared
precedence and chain relaxation strategies use the samieectly to the concepts diversificationandintensification
parametep,.. in a generic stochastic optimization procedure, whereithe d

3. Atimeout 0f3200 seconds was imposed for each prob-versification component is provided by the relax-flattening
lem instance, and for each strategy weskizFail =  loop and the inner flattening search provides the intensifica
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Set ABCD tionalities (this is the case of Set B, C and D in Fig. 10),
or by choosing a computationally lighter flattening strateg
This last possibility is clearly visible for the Set D result
shown in Fig. 10(d)(where problem sizes range from 600
to 900 activities). Noting that the solving proceduresantr
duced in this paper can be ordered by increasing complexity
as 6STS SSTSPROR PcPsand PCPSPROP, 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, bothrbesand
PCPSPROPprocedures improve oveIisSTS

16

"PCPS-PROP

Avg percentage deviation from the Lawrence UBs [%]

I I
100 1000
time [seconds] (log scale)

Fig. 8 Cumulative run-time performance for MCISSP 5 Putting IFs in a broader perspective

Before ending the paper we would like to give a more ab-
RCPSP 9120-80 stract view ofiFs and use this as a basis to stress connections
PopsiPROR and differences with other works. As already discussed the
o - iterative flattening method for scheduling optimization al
ternates two phases: one in which the solution is partially
destroyedand another in which the solution isbuilt. In
particular, the first step afs 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 o
being able to provide a solution “any time”, and has been
‘ ‘ shown to effectively scale to problems of significant size.
100 1000 A similar two-step optimization schema has been pro-
time [seconds] (log scale) . N -
posed very recently for solving different types of scheualyli
problem than those considered here. In [Ruiz and Stitzle,
2007] the authors propose #erated Greedylgorithm for
solving instances of the well-known permutation flow-shop
tion component. Interpreting our experimental resultsnfro problem. This work was followed by [Ruiz and Stiitzle, 2Q08]
this perspective, some qualitative guidelines for designi where the same authors propose a different Iterated Greedy
effectivelFs procedures can be identified. In particular, weprocedure for solving instances of flow-shop schedulingpro
observe that the dominant optimization mechanism is repems with sequence dependent setup times and both makespan
resented by the iterative randomized sampling mechanisind weighted tardiness minimization objectives. In boesa
provided by thers loop; whereas, the constituent flattening the experimental results obtained rank the proposed algo-
procedure provides @finemenstep to further improve the rithms among the best state-of-the-art methods for solving
quality of the current solution. Hence, the two optimizatio the corresponding flow-shop problems. Some interesting sim
mechanisms are generally not equivalent, and according itarities can be also noted betwes and theShifting Bot-
the size of the problem and the available computation titme, itleneck Procedurdéor Job Shop Scheduling [Adams et al.,
is important to maintain aadequatdevel of diversification 1988], which can also be case in the same general schema
(which implies greater emphasis on maximizing the num-of Destroy&RebuildIn particular, this procedure iteratively
ber of iterations). Of course, when there are no tight cpuidentifies the so-callethottleneck machineand sequences
time limitations, best performance is obtained by using thét to optimality by solving the corresponding one-machine
most complex (and effective) flattening procedure. But wherproblem. These decisions made at one resource perturb the
solving larger problems under tighter time limits, itis pps  schedules of those resources that stand upstream or down-
ble to improve performance by decreasing the complexity o§tream of scheduled activities, leading to successivetientzation
the inner flattening procedure. This can be accomplished bef the schedules for these machines.
decreasing the number of backtracking steps (see Tables 1 The idea of iterative Destroy&Rebuild has been also used
and 2), by removing additional constraint propagation funcfor solving other combinatorial optimization problems: Ja

12

Avg percentage deviation from the best UBs [%]
o
T

Fig. 9 Cumulative run-time performance for RCPSP (J120-80)
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SetA SetB
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"PCPS-PROP "PCPS-PROP

Avg percentage deviation from the Lawrence UBs [%]
Avg percentage deviation from the Lawrence UBs [%]
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100 1000 100 1000
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(a) Set A (100 - 225 activities) (b) Set B (200 - 300 activities)

SetC SetD

25 25

"PCPS-PROP "PCPS-PROP

Avg percentage deviation from the Lawrence UBs [%]
Avg percentage deviation from the Lawrence UBs [%]

I I
100 1000

I I
100 1000
time [seconds] (log scale) time [seconds]

(c) Set C (300 - 600 activities) (d) Set D (600 - 900 activities)

Fig. 10 Run-time performance for each MCJSSP testset

cobs and Brusco [1995] and Marchiori and Steenbeek [1998hat the procedure iteratively composes two phases: con-
propose two different procedures for solving the Set Covstruction and improvement. The best solution found is re-
ering Problem, and in both cases very competitive experiturned upon termination. The second similar meta-hearisti
mental results were obtained. Prestwich [2000] proposes procedure is Iterated Local Search (ILS) [Lourenco et al.,
Constraint Local Search (CSL) hybrid algorithm for solv-2002]. ILS is a general meta-heuristic schema which first
ing large instances of 3-SAT problems by randomizing itsapplies a local search to an initial solution until finds aalloc
backtracking component to occur at arbitrarily-choseimvar optimum. Then it perturbs the solution and restarts a local
ables. Finally, Shaw [1998] proposes a local search methodearch procedure, and as before the best solution found is
termed Large Neighbourhood Search (LNS), for solving in+eturned upon termination.
stances of the Vehicle Routing Problem (VRP) based upon gyen if ies is correlated to GRASP and ILS, in both
a process of continual relaxation and re-optimization. cases there are differences. With respect to GRASP, we note
In general, it is worth noting that the core idea behindthat it restarts from scratch at each cycle, whereanly
IFS (or Destroy&Rebuild, Iterated Greedy, etc.) representartially destroys the current solution. Henges provides a
by itself a new meta-heuristic proposal with similaritie&la more general relaxation mechanism than GRASP, allowing
differences with respect to other meta-heuristic scheme fdncorporation of more flexible search procedures where it is
solving general combinatorial optimization problemsdatf  possible totunethe size of the search space generated by
within the current literature, there are at least two metarelaxation. With regard to ILS, we can say thas can be
heuristic methods which can be correlatedrs. The first  seen as a ILS procedure where the perturbation mechanism
is Greedy Randomized Adaptive Search (GRASP) [Resends the most frequent operation, whereas in ILS the dominant
and Ribeiro, 2002]. This is a meta-heuristic which combine®peration is local search. S@s iteratively tries to discover
random constructive greedy heuristics and local search, su a block of wrong decisions, remove it, and substitute a new,



13

betterblock of decisions. Hence, a decisive step in the defitFs component strategies for solving schedule makespan op-
nition of an effectivars procedure, is the explicit definition timization problems. Most surprising was the superiority o

of a criterion for discovering wrong decisions. 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

In this paper, we have investigated the performance eﬁecgard.optimization problfams, Iik-e Se-t CO}’efing or Vehicle
of various component strategies proposed by previous ré:x_’outlng problems. An mter_estlng direction for future re-
search for the flattening step of the Iterative Flatteniray e search is exploration of the simple and effecidestroy&Rebuild

(IFs) model. The work was motivated by the observationPrinciple that underlies ours algorithm as a basis for solv-
that if a time bound is given to the overafis optimiza- ing broader classes of optimization problems. At present we

tion process, the final solution produced will be the resul@® Working to a version of thess for solving RCPSPmax
of the interaction of two optimization mechanisms: (1) it-~ fésource constrained scheduling problems with general-
erative sampling — embodied in the overall relax-ﬂattenindZed precedence relations — a problem where the minimal

loop — which performs a global and broader sampling of thé"d maximal time legs among activities make the problem
search space, and (2) local optimization — embodied by thaf finding even a feasible solutioNP-hard However, our

inner flattening procedure — which within each iteration ex-/ONger term goal is to generalize the results obtained with

plores a set of nearby solutions. From a broader local seardhS in solving different scheduling problems toward the def-
perspective, the former mechanism can be seen as promdﬁl_ltlon of an effectiveDestroy&Rebuildneta-heuristic strat-

ing diversification while the latter mechanism emphasize§9Y-
intensification. The important question concerns how these
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