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Abstract Carillo, 1997). Furthermore, to our knowledge, no opti-
Scheduling problems considered in the literature are of-.mal approach has been proposed for any o_lynam|c sched_ul-

) S . .~ ing problems. The only approach concerning the dynamic
ten static (activities are known in advance and constraints .

. . ; . RCPspPhas been recently proposed by (Artigues et al., 2000).
are fixed). However, every real-life schedule is subject to o

o The authors developed a heuristic based on a flow network
unexpected events. In these cases, a new solution is needed T : o
. . X model to update an initial static schedule when considering
in a preferably short time and as close as possible to thef . . -
. . he insertion of an unexpected activity.

current solution. In this paper, we present an exact ap-
proach for solving dynamic Resource-Constrained Project
Scheduling Problems arcpskr This approach combines 2 cONSTRAINT PROGRAMMING FOR DY-
explanation-based constraint programming and operational NAMIC SCHEDULING PROBLEMS
research techniques. We present our first experimental re- _ _ .
sults that show impressive improvements in both computa- Constraint programming provides software tools to solve
tion time and stability when comparing our approach to aconstraint satisfaction problems (a set of variables each with

re-execution from scratch. a given domain and upon which relations — constraints —
Keywords: scheduling, constraint programming, dynamic need to be verified). Classical constraint programming solv-
problems, stability. ing interleaves filtering (removing from the current domain

of the variables a set of values which can be proved not to
appear in any solution) and enumeration (making choices
1. DYNAMIC RESOURCE CONSTRAINED — instantiating variables — when no more filtering is possi-
PROJECT SCHEDULING PROBLEMS ble). Constraint programming is increasingly used for solv-
The Resource Constrained Project Scheduling Problening scheduling problems as its flexibility is well suited for
(RcPsB is a general scheduling problem which consists inreal-life scheduling problems (Caseau and Laburthe, 1996;
scheduling a set of activities taking into account tempo-Baptiste and Le Pape, 1997; &et et al., 2000). Moreover,
ral and resource constraints. Preemption is not allowedsolving dynamic constraint satisfaction problerg$p is
The objective considered here is the minimization of thea vivid research topic in the constraint programming com-
makespan (total duration) of the project. This problem ismunity. A DcsP (Dechter and Dechter, 1988) is a con-
NP-hard(Blazewicz et al., 1983). straint satisfaction problem whose set of variables or/and
Most work aboutRCPSP consider static problems in constraints evolves throughout computation leading to a se-
which activities are known in advance and constraints argies of problems differing one from the other by the addi-
fixed (Klein, 1999). However, every schedule is subject totion/retraction of single variable/constraint. However, no
unexpected events (consider for example a new activity tdechnique, as far as we know, has been proposed yet to han-
schedule, or a resource failureeg. machine breakdown). dle dynamic scheduling problems.
When such a situation arises, a new solution taking these Several techniques to handle dynamic problem epist:
events into account is needed generally in a short time. Furactive techniques that use a model of the potential pertur-
thermore, this new solution must preferably be not too farbations of the initial problem ance-active methods that
from the previous one. handle the perturbation as it appears. As far as the latter
Several works concern dynamic scheduling problems.set of techniques is concerned, a recent extension of con-
But generally, they deal with very specific problems like straint programming can be used: explanation-based con-
one-machine problems (Mehta and Uzsoy, 1999; Alouloustraint programming (Debruyne et al., 2003).
and Portmann, 2002) or m-processors (Moukrim et al. We introduce here a constraint-based technique to handle
1999), and the number of types of events taken into accountlynamicrcpPspPinstances. This technique which provides
are limited to one or two (Vieira et al., 2000; Daniels and optimal solutions is able to handle a large number of differ-



ent unexpected events and computes a new solution quicker
than when solving the new problem from scratch. More-
over, the successive computed solutions are much more sta-
ble than solutions computed from scratch.

3. EXPLANATION-BASED CONSTRAINT PRO-
GRAMMING TECHNIQUES

Efficiently solving dynamic constraint satisfaction prob-
lems requires incremental addition and retraction of con-
straints. Even though incremental constraint addition is
naturally handled by modern constraint solvers, incremen-
tal retraction of constraints is often performed with record-
ing trace/undo information. Such an information is used to
determine past effects of removed constraint that need to
be undone Explanationsfor constraint programming are a
generalization of that information. An explanation is a set of
constraints that justifies an action of the solver (classically
value removalsj.e. as long as each constraint that appears
in the explanation remains active (not removed) the value
removal is valid; thus, no valid solution can be build from
this partial assignment.

Although incremental constraint addition is usually built-
in modern constraint solvers, incremental constraint retrac-
tion is still an issue (Debruyne et al., 2003). Explanations
are a useful tool regarding that topic. Determining the past
effects of a constraint to be retracted from the constraints
system is quite easy: it is the set of actions whose explana-
tion contains the retracted constraint. Therefore, those past
effects can be undone at once and a limited re-propagation
is performed in order to obtain a consistent state of the prob-
lem (Debruyne et al., 2003).

Explanation-based constraint programming technique§

is

overlapping constraints between two activities which is
useful to handle, for example, new constraints arising
from the arrival of a new urgent order, or, new technical
constraints, etc.

activity related events: addition, retraction, or modi-
fication of an activity (new orders, order removals, du-
ration or resource needs modifications, etc.

resource related eventsaddition, retraction, or modi-
fication of a resource which is useful to handle machine
breakdowns, newly repaired machines, etc.

The process used to solve dynanRcpPsPinstances is
the following: an optimal solution for the original problem

computed; unexpected events are handled incrementally

from this first solution:

e upon theaddition of a new information: if a conflict
with the current solution is identified, a re-optimization
is asked (the conflict is analyzed using recorded expla-
nations, some past decisions are undone, some new de-
cisions are made until a new optimal solution is ob-
tained); otherwise, nothing happens because the cur-
rent solution remains optimal;

upon theremoval of an existing information: the re-
lated constraints are incrementally removed using ex-
planations and re-optimization is performed (starting
from the current solution and stored information about
past search);

modifications are considered as: first, an information
removal and, second, an information addition.

One of the interests of our technique is that although some

re-optimisation is needed in order to provide optimal solu-
tions, explanations act as a learning mechanism and are used
o discard at once many parts of the search space that has

need two preregwsnes: aI.I handled”c'onstramts need. Qeen explored before and that are still valid in the current
be enhanced with explanation capabilities; the branCh'ngcontext (Jussien and Lhomme, 2002)

scheme used during the enumeration phase need to make = . . . . .
9 b Notice that adding, removing, and modifying constraints

decisions represented as a single constraint and whose nega- . . . .
P 9 gcan quite quickly lead to an unfeasible instance. Thanks

tion is also a single constraint. To meet those two requisite% the explanations. our svstem is able to provide some in
for solving dynamicrcpspPproblems, we enhanced exist- €Xp » Oursy > 10 p .
formation to the user in order to let him/her now what is

ing r rce man ment constrai -timeqKlein an L .
g resource management constraiste¢-timegKlein and the subset of modifications that leads to this situation let-

Scholl, 1999) task-intervalg(Caseau and Laburthe, 1996)) . : . ; ; .
. ; - . _ ting him/her modify things in order to get back to a feasible
with explanation capabilities (Elkhyari et al., 2002). More instance (Debruyne et al., 2003).

over, we introduced a notion of distance between activities
that is used to define branching decisions with simple con-

straints whose negations are also simple.
5. EXPERIMENTAL RESULTS

We give here results obtained in terms of stability of suc-
cessive solutions when comparing our approach with a re-
execution from scratch after each modification. Stability can

Our dynamicRCPsPsolving system is based on a branch pe measured by several parameters. We report here the num-
and bound algorithm inspired from (Brucker et al., 1998). per of relative positions of activities that change between
This branch and bound algorithm has been enhanced withgnsecutive solutions (theosi measure). As no bench-
explanation capabilities as in (@ret et al., 2000). We are marks exist regarding dynamicPsg we created our own
capable of dynamically handling a various set of events:  ggt using thesmcp (Single-Mode Project Schedulipgeries

e temporal events: addition, retraction, or modification (Kolish et al, 1995):200 problems broken int@0 series of

of classical and generalized precedence, disjunction od0 problems.

4. AN ENVIRONMENT FOR SOLVING DYNAMIC
RCPSP



We report here results obtained considering activity addi-impressive general improvements.
tions and retractiods We also conducted experiments considering addition and

e Consideringactivity additions, for each instance in inversion of precedence constraints. We obtained very sim-
the sMcP series, we randomly chose a set of activi- ilar results that are not reported here. A synthesis of our ex-
ties (between 2 and 4 in tables 1 and 3) to be removed€riments led to us to the following: our technique provides
from the original problem (along with precedence con- VErY important improvements both in computation time and
straints related to them) leading to what is denotedstability (we also considered other stability measures such
problemP,. Then, problenP is built from problem @S for example, the number of activities whose starting date
R_1 by adding a randomly chosen activity from the set has changed). However, our technique does not perform
of removed activity. Precedence constraints are addedell in the following situations:

relating the added activity to activities in probléin . e retracting activities in small size instances (12 activi-
Peng is the last obtained problem (eithBs, P; or Py ties). Computation time loss can be explained by the
depending on the size of the problem). Notice fa fact that those instances are quite easy to solve and re-
is exactly the original problem from trevcPp series. moving activities makes them even more easier. There-
e Consideringactivity retractions, the initial problem is fore, repairing time is greater than recomputing from
a problem from thesmcp series.P, is computed from scratch. However, stability improvement is observed
R _1 by randomly removing an activity and the prece- for these instances;
dence constraints relating this activity to the other ac- e inversing precedence constraints in average size in-
tivities. stances (22 activities). Inversions highly disturb the

current solution leading to highly time consuming re-

Table 1 reports improvement results (average improve- _ ; - :
pair and highly modified solutions.

ment in percent compared to from scratch rescheduling) ob-
tained when considering activities additions on series of 10
problems with 12, 22, and 32 activities. These results are6. CONCLUSION
given for the successive problems and the last column re-

: . We introduced here a new approach for solving dynamic
ports the overall improvement (or loss — negative values)

Wi that th ) t lies bet 'RCPSPinstances. Our proposal is based on new constraint
€ can see that the average improvement fies between programming techniques: explanations. We provided a

0, 0, I i im- .
51'? /Otirr:d 8.1 0. f\{{\:}hat 'Sg? be S}Oted IS that the moret 'm complete system able to handle both dynamic and over-
{Jorhan € S'Z‘?d° € problem, the more Improvement oul, ,,strained scheduling problems. A wide set of perturba-
echnique provides. tions is available: activity addition/retraction/modification,

Table 2 reports improvement results (average IMProV€+esource  addition/retraction/modification, generalized

ment in percent compared to from scratch rescheduling) Obbrecedence/overlapping/disjunctive constraints  addi-

tained when considering activities retractions on prOblemStion/retraction/modification
with 12, 22, and 32 activities. These results are given for ., performed a wide s.et of experimental results vali-

the successive problems and the last column reports thaa\ting our approach compared to classical from-scratch re-

overarl1l |mErovement (pr loss — neg?tlve values). W(;: C"’mcomputation. Our results show that our technique provides
see that the average improvement lies between -27% angl, ;v ements in terms of both computation time and stabil-
43.6%. Very impressive improvements are encountered f0||rty of consecutive solutions

problems considering 22 and 32 activities.

Notice that the way we compute the improvement it can-
not be more than 100%. The results presented here show
that using explanation-based techniques provides impres-
sive results regarding stability of successive solutions. The
larger the instance, the more improvement is brought by our o ) > .
technique. e generalizing our tech_mque to other kind of scheduling

Tables 3 and 4 report computation time needed to perform problems €g. timetabling problems).
those experiments. Table 3 shows that the average computa- Moreover, a theoretical study about the stability of our
tion improvement relies between 10.7% and 78.2%. More-2Pproach would be quite interesting.
over, the general improvement (considering time spent from
the initial problem to the last considered one) is quite im-
portant: from 43.7% to 90.5%. The greater the number of
activities, the more important the general improvement is.

Table 4 reports the same kind of results even if considering
12 activities problems leads to some general loss. As soon
as 22 activities are considered, using our technique leads to

Our current topics following this work include:

e improving the handling of resource constraints by inte-
grating more recent propagation techniques;

e providing real interaction tools within our system to
make our approach useable by non-specialists;

1complete results are available in (Elkhyari, 2003).



Table 1 Stability (using theeosimeasure) improvements when considering activity additionsY Xepre-
sents problems with X activities and Y resources.
PP—=PL Pi—=P PB—=P PB3—P Po— Pend
12x4  -24%  -518% - - 58.3%
22x4  182% 125%  -14.6% - -19%
32x1 731% 79% 81% -27.6% 112%
32x2 537% 37.4% 382% 635% 375%
32x3  54.3% 458% 765% 333% 211%
32x4  36.7% 621% 341% 497% 273%

Table 2 Stability (using theeosimeasure) improvements when considering activity additionsY Xepre-
sents problems with X activities and Y resources.
PPb—PL PL—P P,—P3 P3—P; Py— Peng

12x4 -27% 17% - - 28.9%
22x4 17% 254%  -7.9% - 25%

32x1  14.3% 7.2% 156% 30% 275%
32x2  357% 179%  -0.1% 391% 385%
32x3  -0.1% 277% 149% 436% 321%
32x4  129% 365% 202% 189% 09%

Table 3Computation time improvements when considering activity additions. Minimum and maximum
(along with average) improvements are reported for each modification as well as the general im-
provement (from the starting problem to the last dynamic event — GAvg) Kepresents problems
with X activities and Y resources.

Py— P PL—P P, — P P; — Py

Min/Max Avg Min/Max Avg Min/Max Avg Min/Max Avg GAvg

12x4 | -09% 377% | -638% 322% - - - - 43.7%
64.4% 69.6% - -

22x4 | -346% 297% | -208% 58% | -1552% 344% - - 78.9%
94.4% 94.4% 96% -

32x1 30% 583% | 182% 685% | 40.7% 77% | -66.1% 467% | 83.8%
98.7% 99.3% 98.7% 99.6%

32x2 | -2809% 107% | -1401% 578% | -64.2% 687% | -789% 628% | 84.9%
91.2% 97.1% 96.9% 97.6%

32x3 | 127% 614% | 159% 66% | 16.8% 746% | 30.6% 782% | 90.5%
95.2% 98.2% 98.8% 96.3%

32x4 | 333% 57% | -181% 635% | -196% 6Q7% | 26.7% 782% | 90%
75.9% 97.4% 98.7% 99.2%




Table 4 Computation time improvements when considering activity retractions. Minimum and maximum
(along with average) improvements are reported for each modification as well as the general im-
provements (from the starting problem to the last dynamic event — GAvgy. bépresents problems

with X activities and Y resources.

Py— Py PL—P P, —Ps P;s— Py

Min/Max Avg Min/Max Avg Min/Max Avg Min/Max Avg GAvg

12x4 | -2122%  -51% | -1955% -65.3% - - - - -19.1%
217% 19.5% - -

22x4 | -637.8% -229% | -2428% 205% | -2321% 215% - - 44.7%
91.5% 94.3% 88.8% -

32x1 | -185%  134% | -119%  206% | -1026% 09% | -1515% -0.5% | 47.7%
97.1% 92.7% 911% 91.5%

32x2 | -1484% 242% | -2194% 144% | -1612% 389% | -1648% 34% | 59.4%
98% 98.7% 97.4% 97.5%

32x3 0% 655% | -34.8% 523% | -383% 481% | -431% 492% | 51.8%
94.1% 94% 917% 90.3%

32x4 | -2804%  31% | -2595% 325% | -1802% 283% | -1481% 263% | 59.4%
92.4% 95.7% 92.3% 91.3%
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