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Abstract. In this paper a Relazable Metric Scheduling Problem (RM SP)
is defined that extends the classical job shop scheduling problem with
the use of complex temporal metric constraints and with the possibil-
ity of making the distinction between relazable and not-relazable con-
straints explicit. The paper proposes and experimentally evaluates a tabu
search procedure to improve a previously created heuristic solution to
the RMSP. The tabu procedure uses the idea of relaxing some tempo-
ral constraints to “navigate” the search space and to find a solution. In
particular, it tries to produce either a solution where there are no relax-
ations or a solution where only the constraints classified as relaxable are
violated. Experimental results on scheduling problems of increasing size
demonstrate the usefulness of the proposed approach.

1 Introduction

Scheduling problems are an important class of constraint satisfaction problems
which have many practical applications [14]. A classical formalization of the
problem, generated in the manufacturing domain, is the Job Shop Scheduling
Problem (JSSP) [6], which involves synchronizing the production of n jobs in a
facility with m resources. The production of a given job requires the execution of
a sequence of operations (or activities). Each operation has a specific processing
time and 1ts execution requires the exclusive use of a designated resource. Each
job has associated a ready time and a deadline, and its production must be ac-
complished within this interval. It is possible to formulate two versions of this
problem with respect to the fact that deadlines and ready times are relaxable
or not. The relaxable version of the problem models many practical applications
where, rather than finding an exact solution (where all the constraints are satis-
fied), a solution which represents an agreement between conflicting constraints
is searched. There are several motivations to choose this approach to solve a
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scheduling problem. Firstly, greedy heuristic methods are not infallible, and the
possibility of search failure increases when the problem grows in size. Chrono-
logical backtracking is one possibility to find a solution in those cases, but its
systematicity generally implies high computational cost. Secondly, it may be the
case that there is no solution which satisfies all the original constraints, but at
the same time some constraints are relaxable and the only possible solution is
to find an agreement on the operated violations.

In the scheduling literature, two type of constraints are distinguished: hard
and soft or not-relaxable and relaxable. Examples of relaxable time constraints
are the deadlines of set of jobs in a factory domain or staff turns in a medical-
resource domain. This type of constraints are generally relaxable because the
people or things involved in the scheduling process can accept the violations at
an additional cost, that 1s, the schedule is physically possible even if relaxations
are not desirable. Other type of constraints cannot be relaxed. For example, in
the HSTS domain (a scheduling problem for the Hubble Space Telescope [9])
the constraints imposed by the visibility of a star, in order to take its picture,
cannot be relaxed for the simple motivation that the star could not be visible
anymore. Another important issue is that sometimes JSSP is not enough to rep-
resent physical constraints in a work environment. For example, let us suppose
to work in a medical domain, where jobs represent care protocols and activities
are care units. In the hypothesis to consider a simple care protocol which rep-
resents two basic actions in order for a patient to take an X-ray: 1) to swallow
a preparation to make some organs evident; 2) take an X-ray on the machine.
A simple precedence constraint is not enough to represent the real constraints
between the two previous actions. In fact, the preparation will be effective after
a minimum time and it will become ineffective after a maximum time. A way to
enrich the JSSP model is to introduce constraints on the jobs’ activities where
it is possible to impose that the difference in time between the end-time of an
activity and the start-time of the next must be greater than (or equal to) a min-
imum value and less than (or equal to) a maximum value. Generally this type of
constraints represents scheduling constraints which cannot be relaxed as in the
example of the medical protocol.

In this paper, we propose and evaluate the use of a tabu search strategy
for solving job shop scheduling problems with deadlines and complex metric
constraints. The problem is also used in [3] where the authors developed highly
effective, greedy heuristics for this class of problems based on simple measures of
temporal sequencing flexibility, and in [12] where a set of stochastic procedures
were proposed which are a randomized counterpart of the deterministic ones
tested in [3]. The aim of this paper is to propose a method which is able to
manage scheduling problems where it is unlikely to find a solution where all the
constraints are satisfied. The tabu search algorithm will be used to “navigate” in
the space of the relaxed solutions from an initial one, in order to find a further
solution where the total amount of violations operated on the constraints is
sensibly reduced and in particular all the violations on the hard constraints are
removed.
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The paper is organized as follows: Section 2 introduces the scheduling prob-
lem and reminds the basic temporal representation for a solution. Section 3
briefly introduces the greedy algorithm that builds an initial solution. Section 4
illustrates the basic idea to explore the space of the relaxed solution and gives the
tabu search algorithm used to improve a solution. Section 5 proposes some ex-
periments which show the usefulness of the search strategy introduced. Section 6
draws some conclusions.

2 Problem Definition

As we said in the previous Section, the problem solved in this paper was con-
sidered in [3, 12] in a version where constraints can not be violated. Here we
consider a new definition of the problem called Relazable Metric Scheduling
Problem (RMSP) which involves synchronizing the use of a set of resources
R={ry...rn} to perform a set of jobs J = {j1 ... j,} over time. The processing
of a job j; requires the execution of a sequence of n; activities {a;1 . ..a;,, }, and
the execution of each activity a;; is subject to a set of constraints that can be
violated only in the case it 1s specifically indicated. The type of constraints are
the following:

— resource availability - each a;; requires exclusive use of a single resource 7y,
for its entire duration.
— processing time constraints - each a;; has a minimum and maximum pro-

cessing time, procg’}m and procf}*®, such that procg’}m < elaz;) — s(a;) <
proci®®, where the variables s(a;;) and e(a;;) represent the start and end

times respectively of a;;.

— separation constraints - for each pair of successive activities a;; and a;(;41),
Jj=1...(n; — 1), in job j;, there is a minimum and maximum separation
time, sepT™ and sepia® such that {sepfi® < s(airt1)) —e(ain) < sepip®® :
k=1...(ny — 1}

— job release and due dates - Every job j; has a release date rd;, which specifies
the earliest time that any a;; can be started, and a due date dd;, which
designates the time by which all a;; must be completed. We suppose that
this type of constraint can be violated in the final solution.

There are different ways to formulate this problem as a Constraint Satisfaction
Problem (CSP). In [3, 12], the problem is treated as one of establishing prece-
dence constraints between pairs of activities that require the same resource, so
as to eliminate all possible conflicts in resource use. In CSP terms, a decision
variable O;;, is defined for each pair of activities a; and a; requiring resource
7, which can take one of two values: a;{beforeta; or a;{before}a;. As we said
above, in order to get a solution we can violate some constraints. With violation
we indicate a tuple (¢, dip, dup) Where ¢ is a constraint of the form a < tp;—tp; < b
and dyp, 8,5 are two values greater or equal to zero, such that, 0 < a—d;, < b+dyp,
which represent the amount of violation operated on the constraint ¢. We define
as a violated solution a couple <A,V >, where A = {0;;,} is a set of assignments
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to the decision variables O;;, consistent with all the time constraints (below we
will give an exact definition of this concept) and V = {(¢,dip, 6yp)} is a set of
violations operated on the time constraints which make time-feasible the solu-
tion obtained. In other words, without the violations it should not be possible
to order every set of activities which request the same resource. The problem is
to determine a feasible solution, that is, a relaxed solution such that it satisfies
all constraints which cannot be violated and the total amount of violation (the
sum of the values d;p and dyp) on the other constraints is as low as possible.

2.1 Managing Temporal Information

To support the search for a consistent assignment to the set of decision vari-
ables O;;, introduced above, we can define for any RMSP a directed graph
TM(TP, E) called time map [4], where the set of nodes TP represents time-
points or temporal variables (i.e., the origin point, the horizon point and the
start and end time points, s(a;) and e(a;), of each activity ;) and the set of
edges F represents temporal distance constraints between couple of time-points
(that is, the time constraints listed in the itemization of Section 2). Every tem-
poral constraint has the general form a < tp; —tp; < b and is represented in the
graph TM (TP, E) as a direct edge (tp;,tp;) with label [a, b]. Each time point
tp; € TP has associated an interval [lb;, ub;] of the possible time instants, or
temporal values, where the event associated to the time-points may happen.
The time-point ¢py, the origin point, has associated the constant interval [0, 0].

The graph TM (T P, E) corresponds to a Simple Temporal Problem (STP) [5],
the computation of the intervals [Ib;, ub;] and the check for problem’s consistency
(a problem is inconsistent when there exists at least an empty interval [[b;, ub;])
can be polynomially determined via shortest path computations on a directed
graph Gq(Vy, E4) called distance graph [5]. The graph Gy is obtained from the
time map TM (TP, E) as follows: (a) the set of nodes Vy; = T'P; (b) the set of
edges Fg is built from the set £ considering for each constraint a <1ip; —tp; <
b € E two weighted edges in the set Eg: the first one directed from tp; to tp; with
weight b, the second one directed from tp; to tp; with weight —a. In G4 the usual
definitions of path and path’s length on a weighted graph are assumed: a path is
sequence of consecutive edges (tp1,tp2), (tp2,tp3) ... (tpn—1,tpn); the length of a
path is the sum of the weights associated to the sequence of edges. d(¢, 1) is the
length of the shortest path on G4 from the time point ¢p; to the origin point
tpy and d(1,4) is the length of the shortest path from the origin point ¢p; to the
time point ¢p;. A negative cycle is a closed path with negative length. As shown
in [5], the interval [{b;, ub;] of time values associated to the generic time variable
tp; is computed on the graph Gy as the interval [—d(¢, 1),d(1,4)]. In [5] is also
shown that an STP is consistent iff there are no negative cycles in its graph G4.

A search for a solution to RMSP can proceed by repeatedly adding new
precedence constraints into T'M in order to resolve conflicts in the use of re-
sources and efficiently recomputing [1, 2, 11] shortest path lengths to confirm
that TM (and G4) remains consistent.
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3 Finding an Initial Solution by Relaxing Constraints

A local search method works starting from an initial solution built with another
method. The algorithm currently used to create the initial solution i1s a greedy
procedure largely inspired by [3]. The algorithm iteratively selects decision vari-
ables O;j, (which represent conflicts) and assigns them values on the basis of a
measure of temporal flexibility leaved in the domain after the value of a variable
is assigned. After a decision is taken, the temporal constraints are propagated
and a new conflict is considered until all the decision variables have a fixed value.
During the search process, it might happen that the domain of a decision vari-
able becomes empty. This means that the insertion of a precedence constraint
to resolve the conflict has induced temporal inconsistencies (a set of negative
cycles on the graph G;). The original algorithm described in [3] stops, because
a dead-end is reached. On the contrary, the present greedy algorithm looks for
a wviolated solution. It detects negative cycles in the distance graph, chooses one
cycle and fixes 1t by relaxing a constraint on the cycle. When inserting relax-
ations the heuristic tries to maintain the solution as safe as possible. There are
two mechanisms whose aim is to get an acceptable violated solution: the first one
tries to minimize the amount of violations of the time constraints; the second
one, uses a simple priority heuristic, which, in order to reduce the probability to
get a violated solution, selects first relaxable time constraints, and in the case
there 1s no one of the previous type, selects not-relaxable time constraints. For
lack of space we are not able to insert a complete description of the algorithm
which is included in [11].

4 A Tabu Search Approach to Improve a Solution

Tabu search [7, 8] is a local search approach recently applied with success to a
large set of combinatorial optimization problems. In this Section we introduce a
tabu search approach to solve the RMSP.

The tabu meta-heuristic is based of the notion of move. A move is a function
which transforms one solution into another. For any solution S, a subset of moves
applied to S i1s computed. The subset of moves produces a subset of solutions
called the neighborhood of S. A tabu search algorithm starts from an initial
solution Sy, and at each step ¢ searches the neighborhood of the current solution
in order to find a new solution (a neighbor) S; that has the best value of a given
objective function. At this point the neighbor S; becomes the current solution
and the search process is iterated to find a new best neighbor S;11. In order to
prevent cycling, it is not allowed to turn back to solutions visited in the previous
MazSt steps. Where MaxzSt 1s the max length of the so-called tabu list, a list
of forbidden moves. Whenever a move from a current solution to its neighbor is
made, the inverted move 1s inserted in the tail of the tabu list whose length is
kept less or equal to MaxSt by removing its head. During the search process,
in order to find a near-optimal solution for the problem, at each step a “global”
best solution S* 1s updated. A tabu move might happen to be interesting with
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respect to the current solution. In order to perform this move, an aspiration
function 1s defined which, under certain conditions, accepts a forbidden move.
Generally, the definition of aspiration function is such that a forbidden move
is accepted when it generates a neighbor which improve the solution S*. The
search process is performed until at least one of the following conditions becomes
true: 1) the objective function of the solution is close to a known lower bound; 2)
the algorithm performs MawzTter steps without improving S*; 3) a time limit is
reached. To apply tabu search to a particular problem, the definition of structural
elements, such as move, neighborhood, tabu list, aspiration function, etc., is
needed. With respect to the classical job shop scheduling problem, the RMSP
uses a more sophisticated time model (the STP [5]). A tabu approach to RMSP
needs an extension of the algorithms presented in [10, 13] to deal with temporal
information. Our tabu procedure extensively uses algorithms to modify the time
map. To perform a move it is needed to remove some temporal constraints and
add other ones. This is achieved by using incremental algorithms [2, 11] which
work on the STP model and quite efficiently can add and remove temporal
constraints in incremental style. At each modification they update only the part
of the time map really affected by the change.

4.1 A Running Example

To explain the way our tabu procedure works we introduce an example. Let us
consider a simple problem with two resources and two jobs, where each job has
two activities. Figure 1 contains a representation of a violated solution for the
problem but 1t is also useful to understand the problem formulation. To maintain
the figure simple we have represented the time map instead of the graph Gy.
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Fig. 1. A initial violated solution for the example

A(Z, j) means that activity A belongs to job job; and is executed in position j. In
Figure 1, white activities request the resource r1, and grey activities request rs.
Time-points tp; and ¢ps represent the start and end of the time line (the origin
point and horizon point). The edge (p1,tp2) is the horizon constraint which



In Proceedings of ECP-97 (S.Steel, R.Alami (Eds), LNAI 1348) 7

constrains all the activities in a fixed time horizon of amplitude H (the exact
value of H is not relevant here, we can suppose a value much greater than any
deadline in the problem). The four activities A(1, 1), A(1,2), A(2,1) and A(2,2)
are depicted “anchored” to the time map. Each of them has a start and end
time (for example, tps and tpy are the start-time and end-time of A(1,1)). Edges
(tps,tpa), (tps,tps), (tp7,tps) and (tpe,tpio) are the time processing constraints.
Edges (tpa,tps) and (tps,tps) are the separation constraints. Edges (tp1,tps),
(tp1,tps), (tp1,tp7) and (tp1,tp1o) are the job release and due dates constraints.
All edges are labeled with intervals [a, b], when these are not explicitly shown the
default label [0, H] should be assumed. Edges (¢p4,tp7) and (tp1o,tps) included
in Figure 1 are not part of the problem formulation but are inserted to resolve
the conflicts in the use of resources. We can suppose to build a solution to
the problem by inserting first the constraint (¢p4,?p7) (without generating time
inconsistencies) and second the constraint (¢pio,¢ps). In this latter case two
negative cycles are induced on the graph Gy derived from the time map. The
first oneisl -6 —+5—-10—-9 -8 —>7—>4 — 3 — 1 with length —10
can be canceled by changing the label 80 of (¢p1,tpe) to the value 80 + 10. The
second one 4 -+ 5 =+ 10 - 9 - 8 — 7 — 4 with length —5 can be removed by
modifying the label 40 of the edge (tp4,?ps) to 40+ 5. In this way we obtain the
particular conflict-free wviolated solution in the figure.

4.2 Defining a Move in the RM SP

Similarly to [10, 13], a move in the RM SP is a transformation of a solution S
by swapping a couple of activities (a;, a;) which require the same resource.

It is worth observing that the swap of two activities can generally create a
state of temporal inconsistency in the time map. There are at least two ways
to resolve this problem: either to only consider the subset of moves which do
not produce time inconsistency, or to introduce some violations between the
time constraints and try to repair such violations during the tabu search process
to arrive again to a feasible solution. This second choice has the advantage of
exploring more deeply the search space and will be used in the following, but at
the same time, 1t is computationally more expensive, as can be seen observing
the tabu algorithm below. The neighborhood of a solution S is a set of new
solutions which may involve violations of time constraints. In the following we
consider moves that swap activities (a;, a;) when the following conditions hold:

1. (a;,a;) are consecutive on the resource r;
2. (a;,a;) are on a shortest path in the graph G .

It is worth reminding that two activities are on a shortest path if considered the
time points e(a;) and s(a;) or e(a;) and s(a;) on the graph Gy an edge exists
which connects e(a;) and s(a;) or e(a;) and s(a;) and belongs to the shortest
path either from or to the time origin ¢p;.

A violation (Section 2) is a tuple (¢, &5, dyp), Where ¢ is a temporal constraint
in the time map, d;, and &, are the violations operated respectively on the lower
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and upper bound of the constraint’s label [a, b]. Under the restrictions stated by
Conditions 1 and 2 it is possible to prove [11] that the time inconsistencies can be
removed by violating only the upper bounds of either a separation or a deadline
constraints. In other words, we can consider only violations of the form (¢, 0, 6,3)
that can be written as (¢,d). In a similar way, a restoration is a couple (e, d),
where ¢ is a temporal constraints and J is the reduction value for the upper
bound constraint to restore the original value.
With the previous assumptions the definition of move is the following:

Definition1l. Given a violated solution, a move mv on a resource r is defined
as the tuple (r, acts, rlz, res), where acts is a couple of activities (a;, a;) which
satisfies Condition 1 and 2, rle = {(¢;,d;)} is a set of violations on the time
constraints and res = {(¢;,0;)} is a set of possible restorations operated after
the swap of the couple of activities.

The definition does not specify a method to violate and restore constraints, this
i1s a matter of the specific heuristics adopted. The previous definition is general
enough to be applied with the STP temporal model.

4.3 The Tabu Search Algorithm

In Figure 2 the tabu search algorithm for the RM SP is shown that manages an
initial solution Sy. As input the algorithm is given the initial solution Sy, the
parameters Maxlter and MaxSt, and the objective functions f,;. The algo-
rithm uses two variables S* and Sy,;,, which represent respectively the current
optimal solution and the best solution found in the exploration of a neighbor-
hood. In the case the algorithm explores a sequence of M axIter neighborhood
without an improvement of the solution S*, then the algorithm stops (Step 2).
A neighborhood is searched between Steps 4 and 10, where is found the solution
Smin- The idea of aspiration function is implemented at Step 8 where a tabu
move 1s accepted in the case 1t improves S* and the current Sy,;,. Finally, when
a solution Sy, is found, the move movey,, is added to the tabu-list (Step 13)
and the variable S* is updated.

The core of the algorithm consists of the two sub-primitives Get-Neigth-
Moves and Make-Move.

The Get-Neigth-Moves implements the definition of neighborhood. By using
Definition 1 two different neighborhoods are introduced: (a) the set of moves is
computed for each resource. This choice analyzes deeply the search space, but
at the same time is quite expensive; (b) the set of moves is computed only for a
randomly selected resource .

The procedure Make-Move makes the swap of the couple of activities (a;, a;)
specified by the move muw. It is essentially composed by a sequence of application
of three primitives that work on the time-map: Remove,Insert-with-Relar and
Restore-Heuristic. To explain how the procedure works we use Figure 3 in which
a swap is performed between activities A(1,2) and A(2,2) starting from the
solution of Figure 1.

The Make-Move(muv) performs the following steps:
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TABU-STP(So,Mazlter, MaxSt, fopy)
1. S*:= So; Smini:= So;

2. while not(Last-Iteration(MazIter)) do begin
3. Get-Neigth-Moves(Smin );

4. while not(Neighborhood-Empty) do begin

5. move::= Select-Move(Smin );

6. Seurr ::=Make-Move(mouve);

7. if Tabu-Move(move)

8. then if Aspiration-Func(Scurr, S*, Smin, forj) then Spinii= Scurr
9. else if Improves(Scurr,Smin, for;) then Spint= Scurr

10. end

11.if Improves(Smin,S™, fob;)
12.  then begin

13. Update-Tabu-List(movemin, Maz St)
14. S* o= szn
15. end
16. end
Fig.2. TABU-STP algorithm
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Fig. 3. Feasible solution obtained after the swap of the activities A(1,2) and A(2,2)

1. Remowe: it incrementally deletes time constraints from the time map. In the
example the constraint (¢pio,tps) is removed.

Insert-with-Relax: 1t tries to insert a precedence constraint between a couple
of time-points. If the insertion gives a consistent situation it stops, otherwise
(when a time inconsistency is detected) the procedure iteratively: (1) gets
one of the negative cycle created on the graph Gy; (2) selects a constraint on
the negative cycle and relaxes it; (3) propagates the effect of the relaxation in
the graph G4. The previous sequence of steps continues until all the negative
cycles induced by the insertion on the precedence constraints are deleted
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and a time-feasible solution is reached. In the example, the new constraint
(tpe,tpg) is inserted and the effects are propagated in the time map. The
new insertion generates a time inconsistency. In fact, the negative cycle 1 —
109 —=6 —=5—=4—3 — 1is induced whose length 1s —5 . This
inconsistency can be resolved by relaxing one or more constraints along the
cycle. The same criterion explained in Section 3 is used, the algorithm selects
the label 75 on the constraint (tp1,?p1o) and relaxes it to the value 75 + 5.

3. Restore-Heuristic: it tries to restore the original constraint by scanning the
set of violations V operated on the solution. For each element (e, §), where
¢ has the form a < tp; —tp; < b, it tries to insert the new constraint
a < tp; —tp; < b—4. If the insertion is consistent the element (¢, §) is deleted
from the set V, otherwise the method tries to repair the next violation. In
the example, the labels on constraints (¢p1,tps) and (tps,tps) are restored
to the original values, in fact the modification of the network removes both
the negative cycles mentioned in Section 4.1.

The solution obtained in the example is now feasible, because as a consequence
of the move also the separation constraint (¢p4,tps) is restored to the original
value. The only relaxed constraint in the new solution is a deadline constraint
that is feasible according to the definition of RMSP.

5 Experimental Evaluation

In this Section, we evaluate the tabu search procedure on a set of randomly
generated scheduling problems. The main goal of the experiments is to demon-
strate the usefulness of the tabu search procedure in the restoration of temporal
constraints. We try to resolve scheduling problems which have a low probability
to have a solution without violations of temporal constraints.

We consider scheduling problems of size n x m, whose structure is sketched
in the following. There are n jobs to be scheduled. Each job requires operations
to be performed on each of the m different resources, and the order in which
each job must visit each resource is randomly decided. Experiments concern
problem sets of 50 instances at each of three different sizes: 8 x 3, 12 x 3 and
12 x 4. The problem sets are generated following the generation scheme used in
[3] adapted to generate particularly hard instances. We indicate with Ulz, y] a
random number in the interval [, y] generated with a uniform distribution. The
minimum processing time of activities is chosen as U[10,50], and the maximum
processing time is generated by multiplying the minimum processing time by the
value (1+4p), where p = U[0, 0.4]. Separation constraints [a, b] between every two
consecutive operations in a job are generated with @ = U[0, 10] and b = U[40, 50].
All the ready times rd; of the jobs are fixed to 0 and the deadlines dd; are fixed
to a common value M. The value of M is calculated by the follow formula
M = (n—1)pes + > iv, pi, where ppy is the average minimum processing time of
operation on the bottleneck resource, and p; is the average minimum processing
time of operation on resource r;. The bottleneck resource is the resource with
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maximum value of the sum of the minimum processing time of the activities
which requests the resource. In order to generate hard scheduling problems with
a low probability to have an “exact solution”, we have introduced a parameter
called Slack which controls the amplitude of the allocation windows of the jobs
(see Section 2) [rd;, dd;]. In practice, the real windows for a job j; is [Slack x rd;,
Slack * dd;]. For Slack we have used the value 0.8. This is used to shrink the
original time window to make the satisfaction of the constraints harder.
In the experiments we use the following objective function:

fObj (S) = asepvsep(s) + Oédlvdl(S)

where v, (5) represents the sum of the violation values on the separation con-
straints and vg(S) represents the sum of the violation values on the deadline
constraints. asep and ag are numeric coefficients whose aim is to focus the tabu
search on a specific type of violation. In these experiments we fixed a e, = 8 e
agr = 1, in order to focus the procedure on the restoration of separation con-
straints. Finally, we complete the setting of tabu parameters as follows. For each
class of problem MaxzSt 1s 9. For problems 8 x 3 Maxlter is 9; for problems
12 x 3 Maxlter is 36 and for problems 12 x 4: Maxzter is 72.

As said in Section 4.3 two different definitions of neighborhood are used. For
problems 8 x 3, the neighborhood of a solution is the set of moves that satisfy
Definition 1. As we have said, this choice analyzes deeply the search space, but
at the same time 1t is time expensive and we can use it only on small problems.
For problems 12 x 3 and 12 x 4, the neighborhood is built by considering only
the moves on a randomly chosen resource.

The procedure and the experimental setting were implemented in Allegro
Common Lisp on a SUN Sparc 10 workstation. Table 1 shows the results ob-
tained for the three different classes of problem. For each class results are shown
relative to: (a) the application of the heuristic method described in Section 3
(lines labeled HEU); (b) the application of the tabu procedure to the previous
solution (lines labeled TABU). Lines labeled with A% simply show the percent
variations of the results obtained before and after the application of the tabu
procedure. Each line labeled with HEU or TABU reports the following data: N,
denotes the number of instances which have violations on the time constraints;
Niep denotes the number of instances which have violations on the separation
constraints; Ny denotes the number of instances which have violations on the
deadline constraints; R,., denotes the average amount of violations (in time
units) operated on the separation constraints; Ry denotes the average amount
of violations (in time units) operated on the deadline constraints; CPU-time
denotes, in seconds, the average cpu-time needed to produce the solution.

The lines labeled with A% show the usefulness of the tabu procedure on
highly constrained scheduling problems. In particular, column N, shows that
the tabu procedure makes respectively feasible 90%, 82% and 64% of the unac-
ceptable initial solutions. Moreover, even if all the problems presents violations
on the deadlines constraints, in the case of problems 8 x 3 and 12 x 3, the value
Ry 1s reduced.



12 In Proceedings of ECP-97 (S.Steel, R.Alami (Eds), LNAT 1348)

Table 1. TABU-STP ’s performance on 8 x 3, 12 x 3 and 12 x 4 problem sets

Problem |Strategy || Ny |Neep|Nai| Reep | Rat |CPU-time(sec)

HEU ||50| 39 |50|54.3|77.9 5.8
8 x3 | TABU ||50| 4 |50|21.7|55.8 44.4

A% 0 190.0| 0 |60.0|28.0 -

HEU |[50| 40 | 50 | 58.5 [162.9 27.5

12 x 3 | TABU (|50 7 |50 5.0 |152.3 142.9
A% 0(82.0|1 0 |91.0| 6.0 -
HEU |[50| 44 |50 |101.5(210.1 62.9
12 x4 | TABU (50| 16 |50 |16.6 |221.4 498.6
A% 0|64 |0 |84.0|-5.0 -

Observing the cpu-times shown in Table 1, 1t is quite evident that the algorithms
are computationally expensive. This is mainly due to the explicit consideration
of metric constraints. In the heuristic method HEU, the main source of time
complexity is the update of the array of distances d(¢, j). This array is extensively
used to build an effective method [3, 11] to solve scheduling problems with metric
constraints. Every time a new conflict is resolved, d(%, j) is updated, and in the
case some constraints are violated, this 18 done by a sequence of operations
of constraints detection, relaxation and updating of the array d(¢,j). The last
sequence of operations is quite expensive with respect to the situation where no
violation is allowed. For example, in the case of instances of problems 12 x 4
which does not need violations the average solution time should be about 10-15
seconds instead of 62 seconds.

As far as the tabu search algorithm is concerned we observe that these results
are not definitive, they represent an intermediate step towards a more elaborate
tabu search strategy to effectively scale on larger problems. Here we have intro-
duced a methodology to cope with the problem and demonstrated the usefulness
of the definition of move given in an STP framework.

6 Conclusions

The aim of this paper is to present the application of a tabu strategy to solve
scheduling problems which need the STP temporal model. The defined tabu
search procedure uses a definition of move based on the violation and restora-
tion of temporal constraints. It can be implemented by using some efficient
algorithms, described in [2, 11], that dynamically manage temporal constraints.
The idea of relaxing and restoring temporal constraints allows to work with
temporarily violated solutions and can be used “to navigate” the search space
in order to find a feasible solution from a violated one.

In an experimental study on randomly generated scheduling problems of in-
creasing scale, the local search procedure was found to significantly improve



In Proceedings of ECP-97 (S.Steel, R.Alami (Eds), LNAI 1348) 13

a start solution obtained with a heuristic strategy. The particular use of tabu
search is an interesting step in solving scheduling problems with relaxable dead-
lines and complex metric constraints which have a low probability to have an
“exact solution”.
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