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Abstract. The main result of the paper is the reduction of the or forbidden minimal setf2, 4]. An MCS represents resource con-
RCPSP/max problem to a Disjunctive Temporal Problem thetval  flicts of minimal size (each subsets is not a resource copflidtich
customization of specific properties within a backtracksearch  can beresolvedby posting a single precedence constraint between
procedure for makespan optimization. In addition, a bramghtrat-  two of the competing activities in the set MCS. In CSP terms, a

egy is proposed able to deduce new constraints which ettpliep- decision variable is defined for each subset of activifié€'sS =
resent infeasible or useless search paths. A new variadkring {a1,az,...,axr} whichis a Minimal Critical Set and can take as val-
heuristic (calledclustering is also used which provides a further ues all the possible feasible precedence constraints a; which
boosting to the algorithm’s effectiveness. can be imposed between each pair of activities in MCS. Asneit-

1 INTRODUCTION known, given a MCS some of the values (esolver$ are superflu-

ous, in the following we use the idea simplification(see [4] for
In this paper we present a constraint-based procedure ve #ol more details).
stances of the Resource Constrained Project Schedulingefro The Disjunctive Temporal Problem (DTP) [6] involves a firstet
with Time Windows (RCPSP/max). The problem is formalized asof temporal variables1, 1, z2,v2 . . . Tn, y» and a finite set of con-
follows. A setV of n activities, where each activity has a fixed  straintsC' = {ci,co,...cn} Of the formzy —y1 <71 Vo —yo <
durationd;, a start-timeS; and a completion-tim&’; that satisfy ro v...V xp — yx < 7. A DTP is consistent if an assignment to
the constraintS; 4 d; = Cj. A set I/ of temporal constraints ex- the variables exists such that in each constraints C at least one
ists between various activity pairg, j) of the formS; — S; € disjunctz;; — y;; < ry; is satisfied. A RCPSP/max can be reduced
(T3, T77**] (start-to-start constraints). There are aBef renew-  to a DTP as it follows. (1) The set of time points of the RCPS&(m
able resources, where each resoutchas a integer capacity, > 1. that is, the origin pointp, (the reference point of the problem) to-
The execution of an activity requires capacity from one or more gether the start and end time points,ande;, of each activitya;
resources; for each resoureg the integerrc; , represents the re- represent the variables of the DTP. (2) For each constrditie
quired capacity of activity. A feasiblescheduleS is an assignment form a < z; — y; < b (duration of activities or start-start con-
of values to the start-times of all activities ¥ (S = (S1,...,Sn)) straints), there are two constraints without disjunction;— y; < b
that is bothtime-feasiblgall temporal constraints are satisfied) and andy; — z; < —a, added to the sef'. For each resource,, each
resource-feasiblg¢each resource’s,, is exceeded at no time). The Minimal Critical SetMCS = {a1,as,...,ax} corresponds to a
RCPSP/max optimization problem, then, is to find a feasibhed-  DTP constraint = {pci, pce, - . ., pcm }, such thapey, is a feasible
ule with minimum makespa/ K. Both the optimization and the precedence constraints of the fon+ d; < S; between a generic
feasibility versions of the problem armdP-hard [2]. This paper  pair of activitiesa;,a; € MCS. On the basis of the above reduc-
draws on ideas from two existing research lines: (a) camtf@ased  tion, MCS-based algorithms for solving RCPSP/max instapidee
resource-constrained scheduling [3, 4] and (b) disjuad@mporal  the ones described in [3, 4], can be seen (and enhanced) aB a CS
reasoning [5, 1, 6, 7]. It is organized as follows. It firstcfises  based search procedure, a la [5], which uses the heurisiicpran-
the reduction of RCPSP/max to DTP. Next, it proposes antiafiec  ing techniques for the original DTP search procedure.
branching strategwble to deduce new constraints, which explicitly 3 EXTENDED MCS-SEARCH
represent infeasible or useless search paths, and a nexbleaor-
dering heuristic, calledlustering which provides a further boosting Figure 1 shows a non-deterministic version of a complete MCS
to the algorithm’s effectiveness. An experimental seceods the  based procedure (similarly to [4]) which starts from a sclied
paper. problem P and basically executes three steps: (a) the current partial

solution is checked for consistency (Step 1). If the pasidlition S
2 CASTING SCHEDULING ASA DTP is a complete solution (Step 2), then the algorithm exitshdf so-

The RCPSP/max problem is formulated aBanstraint Satisfaction ~lution is still incomplete the following two steps are exesj (b) a
Problem(CSP) such that the problem can be treated as one of edmeta) variable (a Minimal Conflict Sét/C'S) is selected at Step 5
tablishingprecedence constraintsetween set of activities that re- With a variable ordering heuristic; (c) a precedence caitgtpc is
quire the same resource (e.g., see [3]), so as to elimirigtesdible ~ chosen (Step 6) and addedddfor further details on Steps 5 and 6
conflicts in resource use. Given a resourcaconflictis a set of ac-  See [3]). Hence the solver is recursively called (Step 7herpartial
tivities requiringr, which can mutually overlap and whose combined updated solutior' U {pc}. Based of the reduction to DTP, we en-
resource requirement is in excess of the resource capa€igcision ~ hance the procedure of Figure 1 with two contributions:

variables are called Minimal Critical S&t$C'S = {a1,az,...,ar}  semantic branching. Exploiting this well-known technique in the

1ISTC-CNR, Via San Martino della Battaglia 44, 00185 RomelyltEmail: ~ S€arch process of our MCS-based procedure basically ethaiex-
{angelo.oddi, riccardo.rasconi, amedeo.cg@listc.cnr.it plicit addition of a negated constrairipc to each partial solution




MCS-Search(P, S)
1. if CheckConsistency)

tions without using any reference lower bound (except tlimite
capacity solution) td49 (MCSS") Vs. 123 (MCSS), strongly re-

2. thenif IsaSolution -
3 then raurn(gg duces both the number of backtracking stei40.8 Vs. 41627.3)
4. else begin and the average cpu tim&2.8 Vs. 184.3 seconds). Each problem
5. MC'S <« SelectVariableP)
Y pe 1 Choosevalue(®, MCS) Tablel. Performance on the J30 set for the MC'S&nd MCSS,
7. MCS-Search®, S U {pc}) Strategy dcr _ar | No Ny Ni Arg% Now  cpu
8. end MCSSF - - | 149 185 15  20.74 102408 728
9. esereturn(Fail) MCSSE, 6 1 ]144 185 15 29.12 143684 88.9
6 2 | 148 185 15 29.04 131109 83.9
Figurel. A MCS-based solver for RCPSP/max 6 3 |148 185 16 28.96 12220.8 79.7
6 4 |150 184 18 2011 11369.4 76.7
] S 6 5 |150 185 16  29.45 10763.4 76.0
St in all cases where every search path from the ndel {pc } is 6 6149 185 16  29.39 10870.3 75.0
H H H MCS% 12 1 | 144 185 15 29.12 14395.1 88.9
known to reach an infeasible state (see [1, 5] for details). L5 3| 148 182 1= 2001 130554 838
. . . . - . 123|148 185 16 288 125939 79.4
Clustering. The rationale behind this heuristic strategy is suggested 124|150 184 18 2911 115180 76.6
by the structure of the DTP temporal constraints and is tacgen 125115 185 16 2946 108071 759
. . . . . 12 6 | 150 185 16 29.39 110128 749
reducing the_ branchlng factor in the search. It drives tHecsien MCSS, 24 1| 144 185 15 2012 144235 888
of the decision variablesmcss) in a way that they tend to have 24 2148 185 15  29.04 130825 839
. . . hi h f | H h 24 3 | 148 185 16 28.92 12509.2 79.5
activities in common, In this SenS_e t ey ornctlaster ence,. the 24 4| 150 184 18 20.11 115033 76.6
set of posted precedence constraints (resolvers) are ronsérained 24 5150 185 16 2945 108126 759
L : L 24 6 |149 185 16  29.39 108925 75.0
among one another, and it is more likely to have other detisii- BESTS - 152 185 10 2831 - .
ables (1css) with a smaller number of resolvers. A decision variable REF J30 120 185 - 2818

MCS is evaluated ag (M CS) = ap K(MCS) + ds(MCS) and

is chosen the decision variable with the maximal valueNhere s solved multiple times by tuning the clustering factée() and

ax is a weight used to bias the contribution of the temporal flex-the bias of the flexibility-based MCS selection heurigticestima-
ibility estimator K (M CS)? and given the current partial solution tor (ax). In Table 1 two types of results are reported: (1) the averag
Sp = {p1,pC2, . Pem—sip 1, pCm S, ds(MCS) € [0,1] result on each problem over different runs; (2) the bestltred

is the fraction of activities contained in the ldst;, posted resolvers tained, computed using the best result on any single proljieen
(eachp, = a; < a; can be seen as the det;, a; }) respect to the set oW with label BEST$. In addition, we report the current best re-
MCS. Hence,ds(MCS) = 1 when all the activities il/C'S are  sults, available at the above pointed URL summarized ineterbw

in common with the lasic . already posted precedence constraints,With label REF J30. The results in Table 1 show that the MESS
while ds(MC'S) = 0 when no activity is in common. procedure yields the beft; p value28.88 Vs. the value29.74 of

MCSS", despite the slightly lower number of optimal solutions re-
4 EXPERIMENTAL RESULTS

turned w.r.t. MCS$ (148 Vs. 149). Moreover, the MCS$, pro-

cedure performs rather satisfactorily as the &gk % value28.88
The RCPSP/max30 benchmark that have been chosen for the Sor P 12, ax = 4) is quite clo)s/e to the f\%er(;ll known best
present investigation is taken from the well known test setSye 13 and tr'1e best number of optimal solutionsNs = 150 (e.g
available /at htt pr; I V\/N“N W or . un/l - karl sr uhhe.rge/ LS_ 5o, 12, ax = 4)). Lastly, the overall number of improved solu-
Neumann/ For schung ProGenMax repspmax. htm . It is tions (see row with label BESTS) with respect to the bestiphbtl
composed 02270 problem instances, and represents a rather chall-s remarkable, as9 solutions have been improved over a total 85

Ienglng t?gnchmark desplte the. relatively small size O,f eastance o ;qjpie ones, and the overall number of optimal solutiousd is
(30 activities and 5 multi-capacity resources). In our expents we 152

consider the following performance measurds: — the number of
proved optimal solutions foundy ; — the number of problems solved  Acknowledgments. Authors are partially supported by CNR under project
to feasibility; N; — the number of solutions that improve the current RSTL (funds 2007), EU under the ULISSE project (Contract.2P8815), and MIUR
best-known makespand;;, 5 % — the average relative percentage de- under the PRIN project 20089M932N (funds 2008).
viation from the known lower bound (infinite capacity sodut); Ny
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