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Compact Local Search Neigh'borhoods for Generalized Scheduling

Problems

Selcuk Avei? and Robert H. Storer™”

Abstract
In this study we develop effective iocal search neighborhoods for a broad class of scheduling problems. We prove many

non-improving moves in adjacent pairwise interchange neighborhoods can be elnmnated while also addressing move
feasibility and quality issues. In our theoretical development we use a quite general problem definition that encompasses a

~ variety of well-known regular and non-regular scheduling problems including job shop problems with ready times, distinct
due dates, and weighted penaities for tardiness and earliness. We show that our compact neighborhood definition generalizes
Nowicki and Smutnicki’s neighborhébd for the classical job shop (Nowicki and Smutnicki, 1996) to our broader class of
problems, We note that Nowicki and Smutnicki’s neighborhood is the most effective search neighborhood in the literature
for the classical job shop problem and has been instrumental in the éevelopment of powérful solution methods. The work
presented in this paper discovers an important link between regular and non-regular scheduling problems and provides a
direct method to extend effective, known local search algorithms to non-regular scheduling problems.

1. Introduction

In this papér we develop effective local search neighborhoods for a quite general scheduling préblém representation. We
show that our neighborhood results significantly generalize previous important results for classical (makespan) job shop
problems. A notable feature is théti the results apply to non-regular scheduling problems. The vast majority of scheduling
research assumes objective finctions that are non-decreasing in job compietion times. Among these “regular performance
measure problems”, objective functions véith tardiness terms are often used to measure conformance o due dates. These
performance measures ignore job earliness, although in many realistic cases earliness penalties are significant. Here we use
the new neighborhood results to develop algorithms for non-regular generalized job shop scheduling problems with earliness
and tardiness penalties. We further generalize by addressing the problem at the operation level (where early-tardy penalties
may be associated with each operation) rather than at the job level that is custormary in scheduling theory. This allows us 10 '
penalize work-in-process inventory in addition to finished goods. '

Earliness penalnes arise when inventory must be carried until dehvery, and/or when cash is committed earlier than
needed. Tardiness penalties arise from loss of customer goodwill and future sales, or direct cash penalﬂes Further .
justification is derived from the emergence of the Just-in-Time (JIT) philosophy that views both earliness and tardiness as
costly. Reschedulihg is another important'use of non-regular early-tardy scheduling. Suppose a detailed production schedule

exists, and that all the necessary materials and resources have been allocated. When a disturbance occurs, one must find a
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new schedule that follows the original as closely as'possible. Such a schedule would try to minimize materials reallocation,
and limit the impact of schedule changes at higher levels of the production planning hierarchy. To accomplish this, every
operation in the “rescheduling problem” would have distinct release times and due dates imposed by the pre-existing '
schedule. ' '

2. Literature Survey

Baker and Scudder (1990) and Kanet and Sridharan (2000) provide comprehensive reviews of the literature on
deterministic non-regular scheduling problems with earliness and tardiness penalties (often referred to as “E/T problems”),

. These reviews indicate that the vast majority of the existing E/T literature deals with deterministic static single-machine
problems. Some studies have extended single machine results to parallel machines, and a very few address dynamic single-
machine problems. Further most ex:stmg E/T studies avoid the issue of deliberate idle time insertions either by dzrectly '
prohlbxtmg them or by assummg a common due date for all jobs thus allowing them to be treated as regular schedulmg
problems. Although these reviews were published a decade apart we observe little progress in the research on multi-machine
E/T problesns during 1990s. According to Kanet and Sridharans's taxohomy, multi-machine non-regular scheduling problems
with distinct release times are the most general class of inserted idle time problems. The few studies addressing thes¢
problems are summarized next. '

Faaland and Schmitt (1987) addrcss a general E/T prablem w1th multlple machines and product structures. They assume
an earlmess penaity for every task of all products, however the tardmess penalty is incurred only by the end products. They
approach the problem in two stages by first heuristically assigning the sequence of operations at each work center so that
product structure constraints are satisfied. In the second stage they solve the idle time assignment problem by iteratively
solving an associated maximum flow problem., This study considers the generation of a feasible schedule only, and does not -
address the sequencing issue beyond the single sequence generated heuristically in stage 1. _ '

Storer et al, (1992) provide a problem space genetic algorithm for the problem of minimizing aﬁcrage absolute deviation
from due dates in the job shop setting. This problem is static with distinct due dates for the last operation of each job. They

‘use a two—stage base heun'stid to generate schedulés with idle times. The first stage uses the minimum slack dispatching rule
to generate a sequence, while the sécond stage jnserts idle times into this sequence heuristically. The two-stage base heuristic
is then embedded in a Problem Space search aigonthm for further nnpmvement Thelr computahonal tests obtained very
promising resuits ‘

Wennink (1995) concentrates on the design of a ﬁamework for an automated planning board generator (PBG) for
complex planning problems. He introduces different aspects of PBG design including the user interface, problem
representation, and problem manipulation. He then focuses on the algorithmic support for problem manipulation in the
context of deterministic machine scheduling problems. The author proposes a generalization of the classical job shop
scheduling problem in both constraints and objective function. In particular this general schéduling problem includes release
times, deadtines, minimum and maximum delay constraints, non-regular and multi-gﬁteria objectives. Wennink (1995) shows
that the quality (objective function vatue) of a schedule can be determined by solving a maximum cost network flow problem
and uses this relationship to extend some of the solution methods for classical job shop problem so that they can also be
applied to the general scheduling problem. Several solutions methods have been studied in detail including constructive
solution methods, local search, and Lagrangian relaxation. In paﬁicuiar the author presents general adjacent pairwise

interchange and insertion heuristics for different subclasses of the general scheduling problem. In principle, these methods



may handle problems with certain non-regular objectives. However specific solution methods have been developed and tested
only for regular scheduling problems with the makespan objective. |

Brandimarte and Maiocco (1999) study job shop scheduling with a non-regular objective function that penahzes both
tardiness and holding time. Holding time for a job is defined as the time between the start of its first operation and its '
delivery. The authors claim that an explicit earliness term does not capture the multi-operation ﬁatnre of their problem. .
However, their objective function accounts for earliness indirectly through the holdihg cost term. They give a decomposition
framework based on the two-stage approach that is commonly used for non-regular scheduling problems (i.e. sequencing
foltowed by idle time insertion or “timing”). The authors propose a maximum cost network flow representation for their
timing sub»problerﬁ. They use this representation to prove certain properties of adjacent pairwise interchange neighborhoods.
Because of the computational requirement of solving a maximum cost network flow problem the authors aiso propose a
heuristic. The authors employ a variety of job release and dispatching rules to construct an initial solution, then use basic
local search on adjacent pairwise interchange neighborhoods for further improvement. The authors also underlined the need
for a more compact search neighberhood similar to Nowicki and Smutnicki’s adjacent pairwise inte-rchange'neighborhood for
the classical job shop scheduling problem (Nowicki and Smutnicki, 1996). :

Both Wennink (1995) and Brandimarte and Maiocco (1999) investigate adjacent pairwise interchange neighborhoods for
their scheduling problems, In this study we reproduce some of their results, and more importantly, we provide further. '
theoretical development that leads to more compact search nei ghborhodds for a variety of scheduling problems. We also

discuss the reiationships between our neighborliood and other studies in the scheduling literature.

3. Problem Statement and Representations

We assume a set J of 1 jobs to be processed on a set M of m machines in a job shop sefting. We make the following
common assumptions: \
e  No preemption: once an operation is begun on a machine, it cannot be interrupted.
. Each machine can process only one operation at a time,
»  Anoperation of a job cannot begin until its predecessor operation of the same job i is compiete

«  Fach job visits each machine exactly once (this assumption is not critical to any of the methods we develop.)

Let O, be the set of operations for job j and let 0 = U 0, denote the set of all operations.
el

Associated with each operation i€ O are the following nonnegative values: processing timé pi , release time r;, due date d;,
earliness penalty o, and tardiness penalty 5. Note that assigning release times, due dates and penalties to each operation
rather than to the each job generalizes many common formulations, We further include a nonnegative makespan penalty y
assigned to the schedule as a whole. We use this makespan penalty term to establish relationships between our results for
non-regular scheduling problem and previous results for the classical job shop problem.

There is a unique machine m(i)eM required to process cach operation i€ 0. Further let o(j.k) e 0, denote the k™ operation

of job j, and let jp(i) and js(i) denote the preceding and succeeding operations of the same job for operation . We define the
set of job related precedence relationships, F, among the operations as: F'= {(o(f,k), o(jk+1)) [ k= 1,---,m—1 and jeJ } We

also define a set of start-operations, 0%, and a set of end-operations, OF such that: 0°={o(j, 1)} jeJ} and O°={o(;,m)| jeJ}.
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A Disjunctive Formulation & .
Our generalized scheduling problem (GSP) is to find a starting time #; for each operation ;=0 minimizing the total

weighted earliness and tardiness and makespan cost. -

Minimize Z. => (o x+ﬁ y,)—i—y z

0 |
St g 21,4, for . )eF W
tj.. 21 +p,.v1‘i'2tlj #pj for {7, j} € U Pk’”‘ @
| | TN .
zZ?f+pf  forie OF | o BNE)
4sr . foie0 @
LA p =ty X | forie O o &
#i;yi = 0and t,: free - forieQ |

z free

where,

I‘}CM : set of uﬁordered operation f)airs shariﬁg the same machine %, ie 7 ‘
={{i,j} I miy=m(j)=k andz‘<jforz',jeo}- |

X earii'n.ess of operation i € O, i.e. X, = max {a’f ;-(ti +p, ),0} | |

Vi tardiness of operation i & O, ie. y, = max {(zz‘i +p, ) —-d, ,0}

Z : makespan of the schedule, i.e. 2 = IES%{ {t,. + p,.} |

Constraint set (1) separates consecutive operations of a job in time. Similarly, disjunctive constraint set (2) ensures
separation among operations sharing the same machine. Constraint set (3) ensures that makespan is at least as large as the

completion time of any end-operation. Constramt set (4) imposes the release time constraints. Fmaily, constraint set (5)
defines earlmess X, and tardiness , for each operation / as a function of Z; .

In this generalized problem we allow E/T penalties for all operations rather than only the end-operations. This feature is
particularly important for representing rescheduling problems with problem (GSP), as discussed in Section L. Further,
problem (GSP) covers a wide variety of both regular and non-regular scheduling problems including the well-known classical
(makespan) job shop problem, the total weighted tardiness job shop problem, and several single-machine problems. Problem
(GSP) is NP-Hard since many of its special cases (for example, the single-machine total weighted tardiness'pro‘olelﬁ (Du and
Leung, 1990), have been shown to be NP-Hard. : ‘ '

The solution of problem GSP entails selecting an orientation for each disjunctive relationship, i.e. convert them into
conjunctive relationships. These conjunctive relationships are precedence relationships among the operationé that share a

common machine, thus we will refer to them as machine precedence relationships. We use 1 < j to denote that operation /



cannot begin until operation 7 is cmﬁpiete. If i < j and thereis no operation k such that 7 < & and k < j then thisis an
immediate precedence relationship. ' _

 Fora given operation sequence & we can define a maximal precedence refationship set as that which includes all
possible machine precedence relationships dictated by the transitive property. We can also define a minimal precedence

relationship set with respect to a given operation sequence ¢ which includes only the immediate machine precedence

relationships for consecutive operations. Let S, be a set of precedence relatmnsmps for machine k. We define the set of

precedence re]atxonshaps S, across all machines as S U S, A machme precedence re}auanshlp set S is defined to be
ke M
a complefe if \§ maps into a complete operation sequence d, otherwise § is a partial machine precedence relationship set,

The chams of precedence relationships from the start-operation 1o the end—operatzon for each job j € J are referred to as job

precedence relationships. Let F denote the set of all job precedence arcs. The complete set of precedence relatlonshxps P,

is defined as P = F .S . The precedence relationships in P are feasible for problem (GSP) if and only if the
corresponding digraph G (0, P) is acyclic. We will call these types of precedence relationships feasible precedence

relationships.

An Alternative Problem Representahon '

Several studies in the literature suggest a two-stage solution method for non-regular scheduling problems (Faaland and
Schmitt (1987), Fry et al. (1987), Yano and Kim (1991), Storer et al. (1992) and Fry et al (1996)). In these solution methods
the first stage involves finding a feasible operation sequence and possibly a regular semiactive schedule. In the second stage
idle times are inserted to construct a good schedule associated given the stage one operation sequence. By embedding the
stage 2 “optimal timing problem” (OTP) we provide the following alternative formulation for probiem {GSP) defined on the

operation sequence space:
- Zosp = E}elg {ZOTP (G)}

where £2 is the set of all feasible of)eration_ sequences. Note that this formulation is closely related to the disjunctive graph
model given in the previous section. A feasible operation sequence o defines a feasible selection of orientations for
disjunctive edges ina disjunctive graph. Given a sequence o, Zgsp becomes a MCNF preblem as has been observed by
Brandimarte and Maiocco (1999) and Wennink (1995)..

The above representation of the generalized scheduling problem provides some insight for developmg heuristic methods.
We can relate each sequence to its optimal non-regular semiactive schedule via problem (OTP). Thus as is typical for regular

scheduling problems, we may view the problem as finding feasible sequences that result in good schedules.

The Optlmal Timing Problem
 Im this section we consider the problem of finding optlmai start times of operations for a given set of precedence
relationships. In the literature, the optimal timing problem has also been referred to as the idle time insertion problem (Fry et
al., 1996) and the timetabling problem (Davis and Kanet, 1993). Let S be a machine precedence relatioﬁship (Which isat

least minimal) associated with a complete operation sequence O .

. S:



Probiem OTP:

Minimize

A
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where P is set of all precedeﬁce relationships, i.e. P=F U§ . This LP formulation can be transformed into a maximum

* cost network flow pmblem and thus sqlw?éd more quickly than general LP probiems‘ as we now show.

A Maximum Cost Network Flow Model

We begin the transformation by defining lateness =; as a free variable in terms of earliness and tardiness,

o=t p—d =Y, X,

I

Next we redefine the starting times £, as

t = (di. —pf)+7t£ '

We also define the following constants:

B Using the above definitions we transform problem (OTP) into problem (P) as follows:
Zp (Ss”) = Z(ai X+ p, 'yf)+7'z

Minimize
st

[/is]
L]
[f.]
[fei]
[fis]

je0

—R T 26

for (i, e P
forie OF
forieQ
for.ieO
forie O
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The dual of the above formulation has a network structure where set O becomes a node set, and set P becomes an arc

set.defined over O .
 We transform the dual of problem (OTP) into a circulatory Maximum Cost Network Flow (MCNF) problem by defining a

directed graph G (V, Av P) where

v =0ulstr,z)

@J«racsnorn] {Luﬁzn]u«r@<sﬂ(z@}

is0 1e0f

In this graph, the node set contains the set of opcrations along with a source node s, a sink node £, a release node » and a
fictitious teﬁninal operation node z. The set of arcs contains the precedence relaﬁonship set(J, and a set of three arcs (5,7),
(r,i) and (i,1) joi_ning operation i to node s, r and ¢ for each operation/ & O . For each end-operation i € OF we have an
arc(#, z). In addition, arcs (7, 8), (s,7) and (z,5) are also included to achieve a balance of flow at nodes r, 5, 7, and z so
that the problem is a circulatory MCNF préblem_‘. | o

Now, we can formulate problem (MCNF) for. G' (V A U P) as follows:

Maximize B ZD(S,f): Z Y f;J‘"}“ZCn j;,+chz iz

G.))=eP ie0®
s.t: ' | |
7] -2 fut Z St bt Sty =0 forie O\O*®
(/&P G,ier
(7] =2 St > f;x”*'fn"ffn Jum f;z"‘ : fQI‘iEOE
R V= (AP
[z, ] Jor— Zf,,...o _ . ' forr
ic0 _
[”s] +fzs Zf.;; -fs,rm(} fOI'S
. sl ‘ .
[ﬂ.:] Z-fl’t t,s = . fort
el : i
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£, 20 | for (i, j) & P



fr.i-’ fs.i’j;,t z0 forieQ
fl.s:fs,r 2.0

where, . :
¢,; =d,~(d,-p,;) for(,j)eP
c,;, =t—(d~p) forie0
¢, =¢,=0 forieO

¢, =d, for i.e 0*
¢, =¢,=0,=0

Similar network flow representations have been proposed for the optimal timing problem (Wennink (1995), and
Brandimarte and Maiocco (1999).) '

In problem (MCNF), the dual variable 7, for the mass balance constraint of a uodo i is called the pofential for this node.
One should note that the optimal dual solution to problem (MCNF) is not necessanly umque However by semng :

T, =X, =%, = 0 we ensure that 7" is also an optamai solution to prob}em (P). With this spocxﬁc choice of node

: potennals we assure that 77; is the same as the Iateness of operation / in the primal problem P, ie.

T, =+ D - d, =y, — x, . Further if " is an optimal solution to problem (P) it also doﬁnes the starting time of
operations, and hence the schedule. | '
 When we are given an optimal dual solution 77 to problem (MCNF) we can derive so-called schedule optimal 7z~ from

itby simply adding — 77, to7 . This step is usually necessary when we get the duol variables from é network solver code.

We caﬁ also find the optimal flow | f ’ .Wiﬂl respect to a given set of optimal node potentials 7" . This requires computing
the reduced cost c,.’f ; for overy arc in the MCNF problem. Then, using the reduced costs in conjunction with the
complementary slackness conditions, wo can transform the MCNF problém into a maximum ﬂo_w probiem in which the
optimal solutionis f  (see Ahuja et al. (1993) pp 316 for details.)

Given an opumal flow f for an mstance of problem (MCNF), we can also construct a set of optimal node poten’uals
7" by solving a longest path problem in the residual graph G* ( f ) . In this longest path problem we use arc costs in

problem (MCNF), ¢, ;, as arc lengths and then fmd the longest path from source node s to all other nodes. T he concept of

relating a schedule fo a longest path problem provides significant insight relative to the hterature on classical (makespan) job
shop problems, which rely heavily on a similar longest path problem. In classical _]Ob shop problems, one needs to solve a
~ longest path problem from a source node to a sink node to find starting times and the makespan. Although the topology of the

our problem and that of the classical job shop problem are not exactly the same, the similarity motivates us to investigate the



possibility of adapﬁng some of the theoretical work on the classical job sho;i problem to our more generiﬂ case.

4. An Adjacént Pairwise Interchange Search Neighborhood

Local search using adjacent pairwise mterchange neighborhood structures have proven successful on many scheduling
problems. In particular, Nowicki and Smutnicki (1996) develop a very effective local search algorithm for classical
(makespan) job shop scheduling. The key to the success of their approach is a set of- easily computable criteria that can rule
out many nelghbonng solutions (interchanges) as non-improving. In most scheduling problems checking the feas1b111ty ofa
neighboring solution and finding the new schedule corresponding to a selected neighbor typically require significant amount
of computation. Nowicki and Smutnicki (1996) produce excellent reéults by greatly reducing the cqmp!itation necéssary to
search a neighborhood. In this section we develop similar neighborhoods for our much more general problem, and show that.
Nowicki and Smutnicki’s neighborhood is a special case of ours. | '

Let & be a complete operation sequence that we want to build an adjacent pairwise neighborhood upon. Further let P,

be a set of feasible precedence relationships and .S, be the minimal machine precedence relationship set inP,. We can

formally define the adjacent pairwise interchange neighborhood in the solution space as follows:
. . 0 .
Nio)={o,, |G, /)eS,)
- whered, ;is an n operation sequence derived from o by swapping operations / and /. Let O'(k !) denote the operation at

position / in the processing sequence on machine k with respect to an operation sequence ¢ . We formally define & ; as

follows:
J Jif ok, =i
O-i.j(kJ)“"" i Jf ok, )= fork = 1 mand!=1-n
o(k,]) ,otherwise -
Move Feasibility

For the classical job shop scheduling problem it is well-known that a feasible schedule exists only if the set of precedence
relationships forms an acyclic digraph. In the following lemma we extend this result to the problem (GSP) using our MCNF

problem representation.

Lemma 1 4 precedence relationship set P is feasible for problem (P) if and only if the corresponding precedence digraph
G (0, P) is acyelic.

Proof. We observe that G (O, P) isa sﬁbgraph of G (V, A P). Further since all arcs in G (O, P) have infinite
capacity it is also a subgraph of the residual graph G" ( f ) for any flow fin G (V, AP ) Suppose that digraph
G(O, P) is cyclic and there exists a cycle C = (l’.!1 i/ CTEN (R ni). The length of cycle C is

LC) =c,, ++c

N s
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since we assume positive processing times L(C) = Z p, > 0. This implies that there exists a positive cycle with infinite
. i=l

capacity in G~ ( f). Therefore the maximum cost flow problem defined over G{V,A\w P} is unbounded. However this
? .

contradicts the feasibility of problem (P) since unboundedness implies its infeasibility. Thus G (0, P) is acyclic.0]

In neighborhood Ny (o) itis possible thata move (7, j) may lead toa cycle in the precedence relationships, One

method to detect cycles can be devised by deriving a topological order for the current precedence relationship graph.
- However the computational corplexity of an efficient irﬁplementation of the topological order finding algorithm is

O(m-- (n- 1)) (see Ahuja et al. (1993) pp. 79 for details). Rather than employing a computationally expensive method to

ensure the feasibility of moves, we propose a neighborhood of adjacent pairwise interchéngesﬂlat are guaranteed to produce
feasible sequences. Such a neighborhood structure is desirabie since we can explore a series of feasible solutions without
addressing feasibility issues explicitly. ' '

In the classical job shop problem, the longest path probiem defines the makespan A longest path is called a critical path,
and arcs on the critical path are called critical arcs. It has been shown that reversing a critical arcin a feasible schedule does
not lead to infeasibility (Van Laarhoven et al., 1992). In GSP the longest path problem appears in the residual graph of a

solution to the maximum cost network flow probfem. Recall that P is the set of all precedence relationships including both

job and machine precedence relationships and: G (V, Au P) is the corresponding maﬁcimum cost flow network., We
observe that G (O, P) is a subgraph of G (V, Au P). Further since all arcs in G (0, P) have infinite capacity it is also
a subgraph of the residual graph for any flow f inG (V, AU P), In the following theorem we show that reversal of an arc

(i, /)& P does not lead to a cycle if it is a critical arc i.e. if it is on a longest path in a residual graph.

Theorem 2 Suppose that arc (I, ])E P is on a longest path in residual graph G R ( f ' ) with respect to a finite optimal

flow f in an acyclic digraph G (0,. P) . After reversing arc (i, ), the resulting digraph G (0, Pu(j,D1(, ]))

remains acyclic.

Proef, Suppose that G (0, Po(f,0)/, ])) is cyclic. Then there must exist a path PinG (0, P) Jfrom node i fo

node j which does not include arc (i, J), i.e. P =(i,m,n, 1, ). The length of path P is:
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Because of positive processing time L(P ) >, ;. However this is a contradiction since we assumed that arc (I, j) ison

a longest path, thus there must be no such path P from node i to node j with a length longer than ¢, ;.1

Cﬁrollary 3 Suppose that there exists an arc (1 Nye P with fl ;>0 fora f nite optimal flow [ in an acyclic

dzgraph G (0 P). 4 ﬂer reversing arc (7, ), the resulting digraph G(O, P U (j, 1) / (1 _])) remains acyclzc

Proof. The complementary slackness.optimaligz_condiﬁons implies that c,.’f ;= 0 for j;*j > 0. Since the reduced cost is
deﬁned as cf"‘. = ¢+ 7 — T, when ¢, =0 it follows that T, =T + ¢, ;. Consequently the arc (#,7) ison alongest
path ﬁom source node s to node J Thus Theorem 2 applies in this case.()

Based on Corollary 3 we define a restricted version of ne:ghborhc)od Ny (0') as fOllOWS

i .
| Ny(@)={o,;1(, )8, and £, >0}
Both Werner and Winkler (1995), and Brandimarte and Méiocco (1999) give similar results for the adjacent pairwise
interchange search in their scheduling problems and define neighborhoods that are equivalent to V' ;. (o) . In the next section

we give compact neighborhoods by further restricting this neighborhood definition with additional conditions, .

Move Quai:ty

In the literature ﬂlere are two closely related techniques for accelerating the nexghborheod evaluation phase. The first
technique finds an easily computable lower bound rather than the more time consuming exact solution. For example,
Dell’ Amico and Trubian (1993) and Taillard (1994) use direct lower bounding techniques in solving the classical job shop -
problem with tabu search. Similar lower bound related teclmidues have been proposed for other machine scheduling
problems by Wennink (1995), and Brandimarte and Maiocco (1999). The second technique restricts the neighborhood
definition by directly eliminating non—iinproving moves, thus reducing the size of neighborhood. In this case the Jower bound
is used directly in developing the neighborhood definition instead of using it in the evaluation phase. This neighborhood
reduction technique has been successfully applied to ﬂ'xe classical job shop problem by Matsuo et al. (1988), Van Laarhoven
et al. (1992); and Nowicki and Smutnicki (1996) using the critical path interpretation of the problem. |

In our GSP problem we can construct several feasible solutions for the maximum cost flow problem that would result -
from a possible move. Since these feasible solutions provide a lower bound on the objective function of the resulting
schedule, we can use them to judge the quality of a move. In fact we use this lower bounding technique to derive a simple
apriori rule for identifying some deteriorating moves. We can integrate this rule into a search neighborhood definitien to

11



further reduce the neighborhood size and hence speed up the overall search. The foi!bwing theorem provides a rule for

eliminating obvious deteriorating neighbors in the generalized scheduling problems.

B oy B
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Figure 1: Subgraph G *

Figure 2; Subgraph G

Theorem 4 Suppo&e that ¢ is a feasible operation sequence and f " isan optimdl solution to the corresponding
maximum cost network flow problem. For a machine precedence arc (i, ) let operation mp(¥) be the immediate
predecessor of operation | and operation ms(j} be the immediate successor of operation j on a machine in &equence c.

If any one of the following conditions holds, then O, ; is a nén—improving neighbor:

L Py i+ P Frmepy 2 (P + ;) f,*,

20, BT S+ B Fmin 2 (P42

3.9 Fuptoa T P Sra 2 (B Pf) Jos

4.0+ p, 1) Lo+ fre 2 (B 01

Proof. Let P = {(u,1),(i, 7),(j,w)} beapathin G(V, AU P,). We can partition G (V,AU P,) into two
subgraphs: ' | o

G' =GV \fu i, j,w}, (AU PN, ), G, ), (G, w)})
G =G ({7, /), (@, 1, G, ), G w)})

The subgraph G * is illustrated in Figure 1. In this partitioning we add pseudo supply/demand values at each node in

order to isolate G* in the maximum cost nétwork problem. The reversal of precedence (i, j} in P results in subgraph,

- ¥2



G’ =G ({w1, j,w}h{w).(7.D,G,m})
which is illustrated in Figure 2. Any feasible solution for G > will be a Jeasible solution for the new overall maximum cost

Jlow problem ajfter the reversal of arc (i, J) provided that the following conditions are satisfied:

et .
o  Flowsin G remain the same.

o The mass balance constraints are still satisfied at node u, i, j and W.
o The constructed new flows are feasible, e. f, . f. . f;:20.

Since we maintain all other flows, we can define the following pseudo node @pply/deﬁand values:
b:' = “.f::‘ = _j;!,j
b: = f:i:“’ f:*,- = f;x _j;w |
b o=ty Siw=tuFu
B, = fru=fim
From the abbve equalion sel we get the fdllo‘wing solution ﬁ:r.the constructed ﬂows
Sow = Fim | o ®)
=t IR . W
S 2R Byt he |
Since f isan optimal soluti;)n_'j‘}tw and j;*, are already nonnegative, Jiwand f, are also nonrzegariﬁe flows by

Equations 6 and 7, The new schedule associated with O, is non-improving if O, ; is a feasible sequence and

Z, (Ji. J.) =2, (o') = Z;(0). The weak duality theorem implies that Z, (0',." }.) > Z (o). Therefore O, ; is a non-
improving neighbar if the following condition holds:

ZD(O')’"Z;(Gi.j)ZO . : &

The above objective function difference depends on the flows in G > and G° as the flows in G ' remain the same. By

substituting back the constructed flows given above: _
* T op *
) ZD(G)_ Z;(o-lj) = Cu,j B u,J +_Cj,i : .fjt + cz‘.w ’ j;,w - (cu,i " Sui + Ci.j ' j;',j + Cj_w * f:;‘,w)
* W [ . w
=C; Jui T (f:; - f:*; + fj.w) +¢ . .f;w ““(cu,f f:z +¢ ;- :'Tj +C; f,uw)

e (Cu,j e i) f:: "'(Cj,i + ci,j)'f;':kj + (Cj,i +¢ ., "Cj,w)'f;w ®)

By Equation 9 the condition stated in Inequality 8 becomes
* * *
(Cu,j ¢ —cu,i') : f;_; + Cii +C— cj.w)'fj,w 2 (cj.i +Cr‘,j) ’ j;;

Since €;, +¢; ; = p, + P, we can write:
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_ (cu,j +C cu,z')' j;:r + (Cj,z‘ +¢, cj,w)'.j;w z(p, +pj) fz*; o Ay
Clearly the right hand side of. Inequ.ality 10 is always nonnegative. In the Jollowing we investigate four different path;s‘ in
G (V, Au Po,) based on the structure of the maximum cost flow network. '
. Casel: u=mp(i) and w=ms(j)
In this case path P consists of arcs reprgsenting intermediate 'pfgcedence relaﬁdﬁships on a machine._ﬂ’ operation i

is the first operation on a machine then operation U does not exist and we assume fnjp(,.),i = (. Similarly if operation | is

the last operation then we set f;m{ iy = 0. Now the flow coefficients in Inequality 10 are '

Coptirg TCss "cmpti),i = d, "(dj —pj)+dj ~(d, "'pi)'“du + (4, _-pz‘)mpj

Cii T Cimsiiy ™ Chomsts) = dj ~{(d;~ p,)y+d;, - d,-p.) ‘“dj +(d, - p,)= p;‘
By substituting back the above flow coefficient in jnequality 10 and rearranging we get
P;- J(;:p{i),r‘ +Di .f;:ms{j) >(p +pj)'jx",*j (1)
Because of nonneguative processing times assi:mption and nonnegativity oféptimal Jlows the following is a valid
inequality: | _
(12)

* . - L ok *
(p, ”*”Pf) : (fmp(i).i + j,ms(j)) 2 p; 'fmp(f);z' + D, 'fj,ms{j)
By combining Inequalities 11 and 12 we get '
(p, -*l_pj) ' (fmp(i),i + j,ms(j)) z2(p;+ P;‘) : fi,j
.Or simply, . _ . ‘
Fowri = Jooi ¥ Fimsiy = £ 20
Thus the constructed flow is feasible if Inequality 11 holds.
o Case2: u=r and w=ms(j)
In this case node U is the release node ¥ and node W is the successor of operation J on the same machine. Now the
flow coefficients are _ '
C ;€ —Cy = ¥ ”(dj “Pj)+dj ~(d, - p)-n+{d mpr'):rj +p;
dj - (di - pz') +di - (dm{f) - pms(j)) "dj + (dms(j) - pms(j)) =P
- By substituting the above flow coefficients Inequality 10 becomes:

(B, = 1) Frs+ Do Sy 2 (2 2)) 1

¢+ ¢

tms() " Chmsts) T
(13)

In order to show feasibility of flow f;; we need to consider the following two possible values of f:, .

a) f:i =0

In this ease the constructed flow is f” = ,...f;"j + ;: ms(j) - Yow Inequality 13 reduces fo:



P LW(J)_(p’+pJ) f.f \ : _ (19
Since (p, + p;)- Lfm(j) 2p,- f;w(' jy we can replace the left hand side of Inequality 14:
B+ 2D S 2 (B P | |
The above.inequality implies that f; ey = f, ;- Therefore ~ St iy = j;, 20.
b f>0
By complementa:y slackness optimality condifions, f,,, >0 implzes that 1, = 1;. Szmzlarly j} g 0 zmplze.s; thaf

L+pi=r+p =1, Stnce f is the ﬁaas:ble solutiont; + p, =1, 21, or szmply r,—1<p. By addmg p;to
both side of the previous inequalitywe get ', + P, — 1L S p, + P; and using this inequality we can wrtre:
L . * . . - . £ . 1'5 '
(rj'l'Pj“ri)'ﬂ.i"'Pi_'fj,m(j} 5_(pi”§"pj)'ﬁ,f+pf'fj,m(j) - _ . (_)
. : e’ L] .
< (Pl +pj)' (fr,i +f:f,m(j))
By combining Inequalities 13 and 15 we get |
L * W
(2 +pj)' (/. +fj.m(j)) z(p, +pj)'f;,j

Or simply,

f'. +fjmf(1} "fff

Therefore
VAR NS f;ms(;} =J 20
o Case3: u=mp(i) and w=z
In this case we assume that operation ] is an end-operation and rode W is the terminal node z . If operation Jis
not an end-operation we set j:,* .= 0. Now the flow cbejj‘icients are
s Copeyi T iy — d,~p)+d,—(d—-p)—d un+ d,-p)=p;

ju dj '"(di"pi)“*‘df'.‘(dw*Pw)"”dj-{-(dw—pw)-z D
Inequality 10 becomes: ' :

L] ']
P; 'fn:p(f).i + P, ’fj,ms{j) > (p, +Pj)'f;,j

Mp€=) 7

il

¢, +¢,—¢

We observe that this case is same as Case 1 and the argument given for the feasibility of flow fj, is valid,

o Cased:u=r andw=12
In this case node U is the release node r and operation j is an end operation so that node W is the terminal

node z . The flow coefficients in Inequality 10 become

T

cr.j+cj.i—cr,i-2 rj"(dj_pj)+dj_(di“pi)"’}+(di“Pi):rj+pj_r’



C;i+C,—C;, = d; ~(d, _pi)_+df —-d; =p,
Inequality I 0 becomes:

(7; +1»‘*,~r)fn+p= f,,,>(p,+pj) Jii |
Thzs case is the same as Case 2 and the analysis given for showing the ﬁ:aszbzlzty of "flow ff_i applies.]

"The conditions given in Theorem 4 are sufficient but not necessary conditions to 1dem1fy a non-—iinproving neighbor.
~ However, these conditions can be evaluated much faster than solving the maximum cost flow problem corresponding to a
move. The following corollary shows that the feasibility restriction based on critical machine arcs only elirpinates some of

~ the non-improving ne1ghbors without eliminating aity of the improving moves.

C{)roliary 5 Suppose that ois a feaszble sequence and f is an opt:mal solution to the correspondmg maximum cost
network ﬂow probiem. If j; ;= 0 fora machine precedence arc (l . ]}, then O, ; is anon-improving neighbor.

Proof. When j:*J = the first condition in Theorem 4 becomes:

- * * .*
P i+ Pr Fymsiny 2Pt P;) foy =0
Since we assume positive processing times and | " >0, this condition is always satisfied and (i, J) is a non-improving

move.l}

Compact Adjacent Pairwise Interchange Neighborhoods
Using Corollary 3 and Theorem 4 we can define the following two compact neighborhoods,

Ni(o)= { o, G )eS, f,]>0andA.-max{A .S L}SO} |

L TLf AT

Ni(o)= { o, 14, ])eSa,f”>0andA mmax{A A LAY AT }.<0}

N e N LA N L

where, _
K= Py S TP Fymin =P+ Py) fi
B = (4 =r) Lot P St =P+ P I
By= Py Japon * B Fra=(Bi+ P /2
Aif = (7}-+Pj“rs)'f:,-+P,-'J::_z-"”(P,-+Pj)'ﬂTj ‘
Here note that Z" (O',.' j)z Z *(O') + A, ; by Theorem 4. The only difference between N, 2(0) and N (o) is that we

also exclude potentially neutral neighbors in &V, ; (o) by imposing strict inequality. It is usually favorable to exclude neutral

moves in a neighborhood since they may cause the neighborhood search to cycle. However including neutral moves ina

neighborhood definition can sometimes be beneficial as long as appropriate cycle prevention mecbanisms are in place (c.f.

Crauewels et al. (1998).) Obviously, N>(¢") © N2 (o) < Ny(o) < Ni(o).
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A Special Case: Classical Job Shop Problem

We incorporate the flow information provided by the maximum cost network flow problem in the definitions of Ni(o)

and N3 (o) . However one does not necessarily need to salve a maximum cost network flow problem to use this information

for all scheduling problems. For regular scheduling probiems it is usually a simple matter to generate such information (dual
solutions) since there are no deliberate idle times in a schedule. In this section we consider the classical job sl_lép problem
where arc flows are either 0 or 1, and they can be easily determined by examining the longest path solution.

In the case of the classical iob sﬁop prablém, the solution to the maximum cost network flow is a critical path from node

7 tonode z containing arcs with j:, = 1. On this critical path a block is defined as a maximal set of adjacent critical path

operations that are to be processed on the same machine. Further an opération is called a border operation if it is the first or

last operation of a block, otherwise it is an internal operation. Van Laathoven et al. (1992) present a neighborhood that is

based on swapping adjacent operations of a block. Clearly, Ng(c") is the same neighborhood for the classical job shop

problem since an adjacent operation pair (7, j) of a block has a flow ]‘:*J =1 by definition, i.e. arc (7, /) is a critical

machine precedence arc. Nowicki and Smutnicki (1996) give a compact neighborhood, referred as NS neighborhood, by
eliminating some of the neighbors from Van Laarhoven et als neighborhood. In particular they only consider the operation
pairs mciudmg one border operatzon i.e. the first or the last precedence machine relationship of a block. They also exclude

the first operation pair in the first block and the last operanon paxr in the last block in their neighborhood.
Corollary 6 In the classical job shop schedulfng problem the N s(0) neighborhood is the same as NS neighborhood.

Proof. Using the block notion given above we evaluate all possible adjacent pairwise interchanges in a job shop schedule
in terms of Theorem 4.

1. Both operations i and j are internal operations:
In this situation f;p(l.)’i = f;w( n= j:, =1 and the first condition becomes p, + p, —(p, + p;)=0.

2. One of operations { and j is an internal and the other is a border operation: '
Suppose that operation 1 is the internal and operation j is the border operation. Now f,:p(j)'i = f: y=land
f;m( jy =0 and the first condition in Theorem 4 is p; — (p;+p;)=-p, <0 »

3. Qperation 7 is the first operation of the first block:

In this case the second condition applies with ;= 1, =0 and f:l = _fr*f = f;m( n= 1. This condition evaluates as

Pt h = (p; +pj):0'
4. Operation j is the last operation of the last block:
With f,:p(,.)‘i = f;*; = f:z =1 the third condition becomes p, + p, —(p, + p;) = 0.0

Corollary 6 shows that N ; (o) isthe same as NS neighborhood for the classical job shop problem. This is an important

result since the NS neighborhood is the most compact neighborhood known. A tabu search algorithm based on this



neighbdrhood has provided some of the best known solutions to well-known benchmark problems, and is considered one of
the most effective search neighborhoods for this problem (Vaessens, 1996, Jain and Meeran, 1999 and Jain et al., 2000),
Since the lower bounding technique presented in Theorem 4 is quite general and readily applicable to a wide variety of
both regular and non-regular scheduling problems it means that we can produce compact adjacent pairwise interchange
" neighborhoods for these scheduling problems as well. For example we already applied this neighborhood definition in several
advah.ced solution methodologies and achieved excellent results on both our own E/T test problems and some total weighted
tardiness job shép pfoblems‘ from the literature {Avci, 2001.) Theorem 4 also has an immediate consequence for the classical
_job shop scheduling problem: we are able to introduce release times into the adjacent pairwise interchange neighborhood
definition, which is essential for dealing with dynamic classical job shop problems, but not available in NS neighborhood
definition. '

Recently Brandimarte and Maiocco (1999) underlined the need for extend‘mg the block properties to non-regular
scheduling problem since tl_xey have been most useful for solving the classical job shop scheduling problem. We believe that
our network flow analysis and related lower bounding scheme for the adjacent pairwise interchange neighborhood provides a
key step in linking regular and non-regular scheduling problems in terms of both theory and application. Further the
relationship between the network flow preseniaiion and the block properties may help in extending branch and bound
methods based on the block properties to non-regular scheduling problems. This is a particularly interesting research topic
since developing a branch and bound method for a non-regular scheduling problem has been considered quite challenging
due to the idle time inscrtion requirements (Hoogeven and Van de Velde, 1996). . |

Connectivity and Optimality _

A search neighborhood N defines a digraph in the solﬁtion space. In our problem the solution space is the set of feasible
sequences (2. Therefore, the hodes of the neighborhood digraph are a feasible sequence in £2 and anarc (o, 7) indicates
that sequence 7 is a neighbor of sequence ¢ under neighborhood N,ie. T € £2(o) . The following connectivity

property is defined by using the concept of a neighborhood digraph:

Definition 1 [Vaessens, 1995] 4 neighborhoodﬂnction N is called strongly connected if the corresponding digraph is

strongly connected. A neighborhood function N is called optimum connected if for each solution.there exists a path to an

optimal solution in the corresponding neighborhood digraph..

Van Laarhoven et al. (1992) prove that neighborhood N ; (o) is optimum connected for the classical job shop problem.

They use this property to show that the standard simulated annealing algorithm asymptotically converges to an optimal
solution under certain conditions. Wennink (1995) adapts their proof technique to show that the connectivity property holds
for the adjacent pairwise interchange neighborhood in his generalized scheduling problem. Similarly, it is trivial to show that

| neighborhood N} (o) has the connectivity property in the generalized scheduling problem by again following Van

Laarhoven et al.'s proof.



Nowicki and Smutnicki (1996) report that the counectmty does not hold for neighborhood N 5(0) in the classical job

shop scheduling problem. We have shown by a counter example that neighborhoods Nz (cr) and N3 2(o) also do not have

the connectivity property for the generahzed schedulmg problem (see Avci, 2001).
For the classical job shop scheduling problem Nowicki and Srnutmckl gwe a sufficient opnmahty condition where a

feasible schedule is also an optxmal schedule xf its N (o) nclghborhood is empty. The counter g:xample i Avei (2001)
proves that emptiness of nei ghborhoods N s(o) and N3(o) does not imply optimality in our generalized scheduling
problem. These negative results regarding the connecuvlty property and sufficient optimality condition forN (o) and

N?(o) seem to have little impact in practice.

5. Basic Local Search Algorithms | _
In the previous section we defined a compact adjacent pairwise interchange 'neighborheod for the genéréﬁzed scheduling
* problem. In this section we address the issue of searching in this neighborhood. In particular we consider simple descent
algorithms which produce a local optimal solution with respect to a given search nelghborhood We call these algorithms
basic local search since they do not consider any ascent or hill-climbing moves to escape local optima. Basic local search
algorithms are usually used for exploiting a solution found by some other soluuon method. For instance a solution produced
by a dispatching heuristic can be improved upon by applying a basic locai search algorithm o it. Although basic local search
algorithms lack local minima escape capability, they are usually fast enough to be integrated in other solution methods. In
fact we extensively used basic local search algorithms to enhance other solition methods which are usually good at expionng

the solution space but not powerful enough in the exploitation aspect (Avci 2001 ) Here we should point out that due to space '
limitation we choose basic local search algorithms to present computatio_nal results on N . (o). In Avci (200 1) we used our

compact neighborhood in developing more sophisticated solution methods including a tabu search algorithm and achieved
excelient reSuits We also do not include these results here due to space limitations. ' '

A basic local search method starts with a given feasible solution and then selects an improving move from the
neighborhood of this solution under a gwen neighborhood definition. It visits a series of sohutions with decreasing objective

function values and terminates when there are no further improving moves in the current neighborhood.

Input:  An operation sequence O and a neighborhood function N
Output: A local optimal operation sequence & W.I.L. neighborhood function N

Step 1. Generate ‘neighborhood N(o) for operation sequence O

Step 2.  Select a neighbor & ; such that Z '(o;,., j)< A *(0“)

Step 3.  If Step 2 finds an ilnproving neighbor G, ;, set @ O,y and go to Step 1, otherwise stop.

Figﬁre 3: Basic Local Search Algorithm
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Figure 3 presents a pseudocode fora bas1c local search algonthm which cousxders strictly 1mprovmg moves and avoids

- neutral moves and related cycling issues. In Step 2 of this algorithm we select an improving neighbor from the nelghborhood
_of the current solution. Since there might be more than one improving neighbor one should decide how to perform this
selection procedure, which is. ofterx referred as a search strategy.

A very simple and intuitive search strategy is to evaluate all neighbors and pick the one which yields the largest decrease
in the objective function, (the so-called best-improving search.) This search strategy is similar to the well-known steepest
descent search in optimization theory. However, when the evaluation of all neighbors is relatively expensive, best-improving
search may become prohibitive to include in other soiuuon methods. In this case, instead of evaluating all of the neighbors in
a neighborhood it is often favorable to qmckly zdennfy an improving neighbor and continue with the search without any
consideration of the magnitude of improvement in the objective function. This type of search strategy is often called the fi rst»
improving search. In this case it is important to evaluate neighbors by foiiowmg a priority order whmh is likely to give 8 -

“higher priority to improving neighbors so that an improving nelghbor can be identified early in the selectxon process. In this

study we consider four different priority functions, I1, ; , to determine the priority of a move i 7
o Maximum cost: 11, ;= —c; ;oS

-« Maximum flow: TI; = f,]

» Minimum lower bound: IT, , = A, ;
» Random .

Obviously the order in which we evaluate the neighbors is not relevant in a best-improving search since we have to
examine all neighbors. However, in a first-improving search the priority order determines the final solution quality and the
overall computational time requirement as it determines the search path in the solution space and the number of solutions
visited in this path. In general the best-improving search is hkeiy to visit a smaller number of solutions compared to first-
improving search, however it may require more computational time as it evaluates all neighbors that it encounters in the

course of the search.

6. Computational Results

In this section we present extensive computational results on solution space.neighborhoods. All computational
eﬁcpen'ments have been performed on a IBM PC 300GL personal computer with 733 Mhz Pentium HI processor and 512 MB.
memory. Algorithms were programmed in C++ and compiled with the Microsoft Visual C++ 6.0 compiler. We use ILOG
CPLEX Callable Library 7.0 to solve optimization problems. In particular we use the ILOG CPLEX Network Opmmzer
module with its default settings to solve maximum cost network flow problems. ‘

In the local search algorithms we must solve a series of very similar MCNF probiems In fact when we evaluate an _
adjacent pairwise interchange neighborhood of a current solution, the problems are different in at most three arcs. Although

 the topologies of these MCNF problems are not exactly the same, we can still use the optimal basis of the current solution,

and start the CPLEX Network Optimizer from an advanced basis, to evaluate the neighboring solution. In our problem
advanced basis start turns out to be quite advantageous, We pei’formed several tests to quantify the gains from using
advanced basis starts in local search, The results of these tests are reported in detail in Avei (2001). The bottom line is that

we were able to reduce CPU times by about 75%.

20



Tn our computational experiments we consider the total weighted earliness and tardiness (TWET) pmbiems in a job shop
setting. We randomly generated a set of 10x10 problem instances of the static TWET job shop problems ina systematlc way
which vary certain factors so as 1o produce several different problem types. We adopted a 3-letter labeling system to identify
our benchmark instances:

o The first letter indicates the routing type; random routing (R) or cluster routing (C). Ina random routing each job visits
every machme in a random order. In cluster routing the machine set is pamtmned into two equal clusters and each job
first visits all machine in the first cluster randomly then visits all machmes in the second cluster in the same fashion.

» The second letter indicates the problem type; operation-level problem in which all operations have a due date, and
earliness and tardiness pénaities (A), or job-level problem where only the end-operation has a due date and associated
earliness and tardiness penaities (E). ' ' '

e The third letter indicates the due date variance factor; small due date variance (S) or large due date variance (L). We use
random dispatching to generate a schedule and apply this variance factor to the complétion times of operations to further
generate due dates.

We have § different problem classes, namely CAS, RAS, CES, RES, CAL, RAL, CEL and REL. In each problem class
we generated 5 instances using different random seed numbers. Thereforc we have 40 benchmark instances in total. Further
details on these TWET benchmark problems are given in Avci (2{}{) 1.

We test several basic local search algonthms based on adjacent pammse interchange (API) neighborhoods mciudmg
best-improving search (B) and first-improving search. For the first improving search, we tried different. schemes to prioritize
the order in which neighbors (adjacent pairs, or arcs) were evaluated. These schemes were: maximum cost (F-MC), -
maximum flow (F-MF), minimum lower bound (F-MLB) and random (F-R) priorities. |

Basic local search algorithms start with a given initial solution and terminate when they find a local optimal solution with
respect to neighborhood definition. For each problem we applied the earliest due date (EDD) dispatching rule to construct a
' feasxble machine sequence and soived the correspondmg MCNF problem to generate an initial feasible schedule. In the

literature, the EDD dispatching rule has frequently been used in scheduling problems with due dates. There are many other
dispatching rules and other solution construction techniques. However, in our computational experiments we aim to

investigate the quality of our search neighborhood rather than initial solutions, For this purpose EDD schedules are a
 reasonable choice. In Avci (2001) we also conmder several other solutions and total weighted tardiness job shop problems

from the literature as well, and provide detauled computataonal results which are consistent with the results we include in this

section., .
In Table 1 we give various neighborhood related statistics (averaged over all local searéh algorithms) by probiem class. In
this table A denotes the average number of moves, or jterations, performed by local search algorithms. 3| Ns'| indicates the
average total number of ncighbors' Ns' encountered in the course of local search, therefore Z| Ni'| /M is the average nurmber of
" neighbors in a single Ns' neighborhood. Similarly 2 Ns? and 5 Ns'| IM give the same information for nei ghborhood Ns*, Note
that all our test problems are 10x10, therefore | Ng'| = 90. R 3 and Ro; denote the relative percent reduction in the average
neighborhood size between neighborhoods Ns' and Ns® and neighborhoods Ny and Ny, respectively. For example Ry 3=
28.87 for problem class CAS means that nei ighborheod deﬁmtlon Ny’ results in a 28.87% reduction in the neighborhood size
with respect to neighborhood Ns'. Similarly Ry 3= 63.56 means neighborhood N§® eliminates 63.56% of the moves in
neighborhood N;”, which always has 90 moves.
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The results in Table 1 show difference neighborhood reductions for the end-operation penalty problems (denoted E
and the all-operation penalty problems (denoted _A)- The average number of moves, M, clearly indicates that the problems
with only end»operation:penaiﬁes-require significantly fewer iterations. Similarly the average number of moves ina
neighborhood is also smaller in the end-operation penalty problems compared to the all-operation penalty probleins. For the
all—op_etation penalty problems, the MCNF problem is likely to contain more critical arcs (arcs with positive flow) compared
to the end-operation penalty problems. This is simply because of the structure of the MCNF problem; when the number of
penalized operations increases {here are more flows in the network. Therefore the size of neighborhood N is larger for these
problems because neighborhood Ns is defined over critical arcs, which are plentiful in thése problem ciasses. When we apply
the additional elimination conditions given in Ny, significant reduction results since the large number of c\ritical arcs provides
greater opportunity for these conditions t0 apply. On the other hand the neighborhood size for Ny is quité small for the end-
operation penalty p'robllems since there are considerably fewer critical arcs in the MOCNF probiem. Consequently the N
conditions have a relatively smatler chance of eliminating OVES in neighborhood N. ) For this problem type neighborhood
Ng' provides most of the elimination from N and neighborhood N yie]ds a relatively smaller further reduction. Table 1 also
shows the relationship between the search neighborhood size and the number of iteration for a basic local search. Local

search algorithms perform more iterations as the size of the search neighborhood gets larger.

Algorithm
_mmmmmm
mmmmmmmm
mmmmmmmm
mmmmmmm

ares [99.70] 232 [76.31

vermge [383058467
Table 2: Sumnary of the AP1 Neighborhood Statistics by Al gorithm Type

- Tn Table 2 we provide a sunumary of results for ncighberhood characteristics, which are similar 10 those given in Table 1,
in terms of basic focal search algorithms. These results show that the average neighborhood sizes are independent of basic

local search algorithms, which is an expected result. In Table 2 N is the total average mumber of MOVES (neighbors) in Ny’ tha
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has been evaluated dunng a basic local search algorithm. We observe thét the first-improving search with makimum cost
priority took both the largest num umber of iterations and total average number of evaluated moves among the firgt-improving
search algonthms The random priority search resulted in the second largest number of iterations but evaluated the smallest
numbcr of moves in all search algorithms. '

In the best-improving search strategy we need to evaluate all moves in all neighborhoods we encounter during the search, '
On the other hand the ﬁrst~1mprovmg search employs a priority rule to deterimine an order of evaluation which may help
1dent1fy improving moves early in the evaluation phase without examining all moves. In Table 3 E denotes the percentage of
moves in ne:ghborhood N§® that have been evaluated and / denotes the percentage of xmprovmg moves among these
ovaluated moves. For instance we evaluated on the average 32.27% of the moves while conducting a ﬁrst~unprovmg search
with maximum cost priority on problem class CAS. Only 9.86% of the evaluated moves were 1mprovmg and resulted in a
new sotution. Our results indicate that the random priority ordering evaluates considerably less moves and ywlds more
1mprov1ng ones. Among the remaining priority rules the maximum cost rule considers the highest percentage of moves and

finds the lowest percentage of improving moves, thus it is inferior when compared to other priority rules.

-[Max. Cost | Max. Flow| Min. LB | Random
. iProblem; F 7 E |1 E I E I
CAS [32.27)9.86 |29.08/10.53|28.23 11.62{15.97|20.00
RAS  140.37| 8.55|28.36/11.36/29.23 11.54{14.64]|23.08
CES 42 70120.00135.80(23.20{37.28/22.46 29.58(28.34
IRES  [35.78]30.06/33.68|30.5930.06,34.71|26.92 36,63
CAL  137.11] 9.07 129.30]10.68|26.29 11.80:11.77127.20
RAL |39.19 9.36 |26.37|12.60[32.36 10.34115.8522.60
CEL  |44.8919.8938.81{21.4934.80 23.27:23.88|31.13
REL  140.33127.14/38.14|27.84(33.07 31.35127,39;34.45
Average|39.08/16.74{32.44 18.54131.42{19.6420.75{27.93| .
Table 3. Effect of First-Improving Search Priority Rules

We use the following deﬁhition of the objecti{fe function gap, A(Z4,Zg), in minimization problems for an objective

function value Z, with respect to another objective function value Z such that Z;> Zg:

B

A(Z, ;) =100 [1—%—}

We found a lower bound for our TWET problems using a time-indexed IP formulation given in Avci (2001). We use this
lower bound for measuring the objective function gap in the TWET problems, since they are ail pesztwe numbers, i.e. Zp >

and we do not have the optimal solutions to these problems.
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First-Improving
. {Problem| EDD |Best-Improving[Max. Cost|Max, Flow|Min. LB|Random
CAS  |63.03 34.17. 33.33 31,16 3141 | 37.04
RAS 7079 31,88 43.58 29.58 | 3569 | 40.72
CES 72.00 56.99 59.01 54.59 53.87 | 52.09
RES 89.04;  76.39 71,37 74.68 7731 | 76.87 .
CAL |67.64 32.16 30.35 3227 31.33 | 32.50
RAL 6955 3543 40.52 3049 3467 | 3949
. «CEL i73.08 56,08 58.34 53.87 55.78 | 55.92
AREL  [89.12 77.41 80.04 75.47 1 76.56 | 76.21
Average|74.28 50,09 52.82 47.76 49,58 | 51.36

Table 4; Percentage Objective Function Gap Summary

In Table 4 we tabulate objective function gap inforination on basic local search algorithms with an EDD sbhedﬁle start. In
this table we also tabulate the objective function gap for the EDD initial solution. When we'compare different cases in the
TWET test problems we observe that problems with only end—opefation penalties have significantly larger gaps compared to
problems with the all-operation pe'naities. These results show that local search provide a significant improvement in all
problem classes. ' '

In Table 5 we give the average total CPU time in seconds for different problem types and basic local search algorithms.

- These results indicate that all basic local search algorithms are fast enough to be integrated in other solution methods. In

. Tables 1-3 we observe the relationship between neighborhood size, length of basic local search and ﬁmnber of moves
evaluated during a search. The CPU times feponed in Table 5 are consistent with our earlier observations. The CPU time is
mainly determined by the number of MCNF probléms solved during a search, Amohg search algorithms the best-improving
search requires considerably more CPU time. Similatly all-operation penalty problems have larger search neighborhoods and

the local search algorithms spend more CPU time in these problems.

First-Improving
Problem|Best-Improving|Max. Cost/Max. Flow|Min. LB|Random
CAS 0.30 0.17 0.10 0.10 | 010
RAS 0.38 0.18 0.13 0.13 | 0.13
- CES 0.04 0.03 0.02 0.02 | 002
RES 0.06 0,03 0,02 0.02 i 002
CAL 0.37 0,28 0.13 0.13 | 0.13
RAL 0.38 0.19 0.11 0.11 { 0.11
CEL 0,06 0.03 0.03 003 1 003
REL 0.07 0,03 0,02 0.02 | 0.02
Average 021 0.12 . 0.07 0.07 0.07

Table §: Total CPU Time (sec.) Summary for the Basic Local Search Algorithms

7. Conclusions
In this paper, we present new resuits on neighborhood structures for a broad class of scheduling problems. These results
allow us to extend some of the most effective algorithms for the classical (makespan) job shop problem to a much more

general set of problems. Included in this more general set are problems with non-regular performance measures. These
24 |



probierﬁs are important in practice, but have seldom been addressed in the literature, We have demonstrated that the -
proposed neighborhoods have the potential to-be embedded in more sophisticated local search algorithms due the speed
with which they can be evaluated. The demonstration of this potential may be found in (Avci, 2001) (and hopefully a
subsequent paper).. Among the results in Avci ‘(2001), we develop local search algorithms for the generalized scheduling
problem which are applicable to both regular and non-regular problems. We then apply these algorithms to the well
know weighted tardiness (WT) job shop problems of Pinedo and Sihger (1999). We show that our algorithms perform at
least on a par with those of Pinedo and Singer (if not sligﬁﬂy better) even though they inake no attempt to exploit the
regulférity of the WT broblems. ‘
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