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Abstract:

Simulated Annealing (SA) procedures can potentially yield near-
optimal solutions to many difficult combinatorial optimization prob-
lems, though often at the expense of intensive computational efforts.
The single most significant source of inefficiency in SA search is the
inherent stochasticity of the procedure, typically requiring that the
procedure be rerun a large number of times before a near-optimal
solution is found. This paper describes a mechanism that attempts
to learn the structure of the search space over multiple SA runs on
a given problem. Specifically, probability distributions are dynami-
cally updated over multiple runs to estimate at different checkpoints
how promising a SA run appears to be. Based on this mechanism,
two types of criteria are developed that aim at increasing search ef-
ficiency: (1) a cutoff criterion used to determine when to abandon
unpromising runs and (2) restart criteria used to determine whether
to start a fresh SA run or restart search in the middle of an earlier
run. Experimental results obtained on a class of complex job shop
scheduling problems show (1) that SA can produce high quality so-
lutions for this class of problems, if run a large number of times,
and (2) that our learning mechanism can significantly reduce the
computation time required to find high quality solutions to these
problems. The results also indicate that, the closer one wants to be
to the optimum, the larger the speedups. Similar results obtained
on a smaller set of benchmark Vehicle Routing Problems with Time
Windows (VRPTW) suggest that our learning mechanisms should
help improve the efficiency of SA in a number of different domains.
Key Words: Simulated annealing, learning, scheduling, vehicle
routing.



1 Introduction

Simulated Annealing (SA) is a general-purpose search procedure
that generalizes iterative improvement approaches to combinatorial
optimization by sometimes accepting transitions to lower quality
solutions to avoid getting trapped in local minima [12, 3]. SA pro-
cedures have been successfully applied to a variety of combinatorial
optimization problems, including Traveling Salesman Problems [3],
Graph Partitioning Problems [10], Graph Coloring Problems [11],
Vehicle Routing Problems [19], Design of Integrated Circuits, Min-
imum Makespan Scheduling Problems [14, 18, 31] as well as other
complex scheduling problems [35], often producing near-optimal so-
lutions, though at the expense of intensive computational efforts.

The single most significant source of inefficiency in SA search
is the inherent stochasticity of the procedure, typically requiring
that the procedure be rerun a large number of times before a near-
optimal solution is found. Glover et al. developed a set of "Tabu”
mechanisms that can increase the efficiency of SA and other neigh-
borhood search procedures by maintaining a selective history of
search states encountered earlier during the same run [7]. This
history is then used to dynamically derive "tabu restrictions” or
7aspirations”, that guide search, preventing it, for instance, from
revisiting areas of the search space it just explored. This paper
describes a complementary mechanism that attempts to learn the
structure of the search space over multiple runs of SA on a given
problem. Specifically, we introduce a mechanism that attempts to
predict how (un)promising a SA run is likely to be, based on prob-
ability distributions that are refined (”learned”) over multiple runs.
The distributions, which are built at different checkpoints, each cor-
responding to a different value of the temperature parameter used in
the procedure, approximate the cost reductions that one can expect
if the SA run is continued below these temperatures. Two types
of criteria are developed that aim at increasing search efficiency by
exploiting these distributions:

o A Cutoff Criterion: This criterion is used to detect runs that
are unlikely to result in an improvement of the best solution
found so far and, hence, should be abandoned;

o Restart Criterta: When completing a run or abandoning an
unpromising one, these criteria help determine whether to



start a fresh SA run or restart search in the middle of an
earlier promising run.

The techniques presented in this paper have been applied to
a class of complex job shop scheduling problems first described in
[24]. Problems in this class require scheduling a set of jobs that
each need to be completed by a possibly different due date. The
objective is to minimize the sum of tardiness and inventory costs
incurred by all the jobs. This class of problems is known to be NP-
complete and is representative of a large number of actual scheduling
problems, including Just-In-Time factory scheduling problems [24,
25]. Experimental results indicate (1) that SA can produce high
quality solutions for this class of problems, if run a large number
of times, and (2) that our learning mechanism can yield significant
reductions in computation time. The results further indicate that,
the closer one wants to be to the optimum, the larger the speedups.
To test the generality of our learning mechanism, we also ran similar
experiments with a SA procedure developed for the Vehicle Routing
Problem with Time Windows (VRPTW). Results on this second
class of problems suggest that, indeed, our learning mechanism can
help improve the efficiency of SA search in different domains.

The balance of this paper is organized as follows. Section 2
quickly reviews fundamentals of SA search. Section 3 analyzes
the behavior of typical SA runs and introduces a mechanism that
aims at learning to recognize (un)promising runs on a given prob-
lem, using the concept of Fzpected Cost Improvement Distributions
(ECID). In Section 4, we use ECID distributions to develop a
cutoff eriterion to determine when to abandon unpromising runs.
Section 5 presents three restart criteria based FCID distributions.
Experiments obtained on a set of benchmark job shop scheduling
problems with tardiness and inventory costs and a smaller set of
complex VRPTW benchmarks are reported in Section 6. A sum-
mary is provided in Section 7.

2 Simulated Annealing Search

Figure 1 outlines the main steps of a SA procedure designed to find
a solution & € S that minimizes a real-valued function, cost(x). The
procedure starts from an initial solution x¢ (randomly drawn from
S) and iteratively moves to other neighboring solutions, as deter-



mined by a neighborhood function, neighbor(x), while remembering
the best solution found so far (denoted by s). Typically, the proce-
dure only moves to neighboring solutions that are better than the
current one. However, the probability of moving from a solution
x to an inferior solution z’ is greater than zero, thereby allowing
the procedure to escape from local minima. rand() is a function
that randomly draws a number from a uniform distribution on the
interval [0,1]. The so-called temperature, T', of the procedure is a
parameter controlling the probability of accepting a transition to a
lower quality solution. It is initially set at a high value, Tj, thereby
frequently allowing such transitions. If, after N iterations, the best
solution found by the procedure has not improved, the tempera-
ture parameter T is decremented by a factor a (0 < o < 1). One
motivation for progressively lowering the temperature is to obtain
convergence. Additionally, as the procedure slowly moves towards
globally better solutions, accepting transitions to lower quality so-
lutions becomes increasingly less attractive. When the temperature
drops below a preset level 17, the procedure stops and s is returned
(not shown in Figure 1).

T ="1To; 2 =20 (€ 9); min = o0;
while (7' > 1T7) {
fori=1,N {
@' = neighbor(z);
if (cost(2') < cost(z)) x =2z';
else if (rand() < exp{(cost(x) — cost(a))/T}) = a';
if(cost(z) < min) min = cost(z), s = x;
J

if (Min was not modified in the above loop) T =T *a;

Fig. 1 Basic Simulated Annealing Procedure.

Fig. 2 depicts the cost distribution of the best solutions returned
by 300 SA runs on a typical combinatorial optimization problem
— a job shop scheduling problem from a set of benchmarks to be



described in Section 6.
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Fig. 2 Cost Distribution of the Best Solutions Found by
300 SA Runs.

The optimal solution for this problem is believed to have a cost
around 11,500 — the value in itself is of no importance here. Figure
2 indicates that, if run a large number of times, SA is likely to
eventually find an optimal solution to this problem. It also shows
that, in many runs, SA gets trapped in local minima with costs
much higher than the global minimum. For instance, 60% of the
runs produce solutions with a cost at least 30% above the global
minimum. This suggests that, if rather than completing all these
unsuccessful runs, one could somehow predict when a run is likely to
lead to a highly sub-optimal solution and abandon it, the efficiency
of SA could be greatly enhanced. The following section further
analyzes the behavior of typical SA runs and proposes a mechanism
which, given a problem, aims at learning to recognize (un)promising

SA runs.

3 Learning To Recognize (Un)promising SA Runs

Figure 3 depicts the behavior of a SA procedure on two different
scheduling problems (from the set of benchmarks used in Section
6). For each problem, the figure depicts five SA runs, plotting the
cost of the best solution, s, as the temperature of the procedure is
progressively lowered — temperatures are shown in log scale, which
is almost equivalent to computation time in linear scale. SA behaves



very differently on these two problems. For instance, in Problem #1,
the range of final solutions is relatively narrow, while in Problem
#2 1t is much wider. Another differentiating factor is the behavior
of the procedure at low temperatures. It seems that for Problem
#1, the quality of a run can already be estimated quite accurately
at T = 50 (e.g. the best run at T' = 50 remains best at lower
temperatures), while this is less so for Problem #2.
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Fig. 3 Cost reductions in five SA runs on two different
problems.

Clearly, such properties are not intrinsic to a problem itself.
They could change if a different neighborhood structure or a differ-
ent cooling profile was selected, as these parameters can affect the
types of local optima encountered by the procedure and the chance
that the procedure extricates itself from these local optima below a
given temperature. While, in general, it may be impossible to find
a SA procedure that reliably converges to near-optimal solutions on
a wide class of problems, we can try to design adaptive SA proce-
dures which, given a problem, can learn to recognize (un)promising
runs and improve their performance over time. Below, we present a
mechanism, which, given a problem, attempts to "learn” at differ-
ent checkpoint temperatures the distribution of cost improvements
that one can hope to achieve by continuing search below these tem-
peratures.

Specifically, we postulate that, given a problem and a checkpoint
temperature T' = t, the distribution of the cost improvement that



is likely to be achieved by continuing a run below ¢ can be approxi-
mated by a normal distribution. Using performance data gathered
over earlier runs on a same problem, it is possible to approximate
these Expected Cost Improvement Distributions (ECID) for a set C
of checkpoint temperatures and use these distributions to identify
(un)promising runs.

Formally, given a combinatorial optimization problem and a SA
procedure for that problem, we define ¢! as the cost of the best
solution, s, at check point ¢ in the i-th run and ¥ as the cost of the
best solution obtained at temperature T' = T} in the ¢-th execution.
When the (n + 1)-th run reaches a checkpoint temperature ¢, the
ECID below ¢ is approximated as a normal distribution N[u!, ot ]
, whose average, u! , and standard deviation, of, are given by:

¢ Z? 1(Ct_c \/Zz ( cf—c) (it}

Hn = n n—1

By incrementally refining these estimators over multiple runs,
this mechanism can in essence "learn” to recognize (un)promising
SA runs. The following sections successively describe a cutoff crite-
rion and three restart criteria based on ECID distributions.

4 A Cutoff Criterion

Suppose that, in a sixth run on Problem #1, the best solution
obtained at checkpoint 7' = 100 is solution A — Figure 4(a). At this
checkpoint, the distribution of ¢ — the cost of the best solution that
will have been found if the run is completed — can be approximated
by the normal distribution N[cg?® — pi%, o2%°]. This distribution,
represented in Fig. 4(a), suggests that, if continued, the current
run has a good chance of improving the current best solution, x.
Suppose that based on this analysis, the run continues until the
next checkpoint, T' = 50, and that the best solution found by the
run when it reaches that temperature is A’. At this point, a new
distribution of ¢ can be computed to check how the run is doing.
This distribution, N[cg® — pi°, ¢2°] is shown in Figure 4(b). Tt
appears much less promising than the one at T' = 100. Now, the
chances of improving the current best solution, x, appear remote:



it probably does not make sense to continue this run.
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Fig. 4 Expected Cost Improvement Distributions at
T=100 and T=50.

Formally, when the (n 4 1)-th run reaches a checkpoint temper-
ature ¢, a cutoff criterion is used to determine whether or not to
continue this run. In the study reported in Section 6, we use a
cutoff criterion of the form:

(chpr — M) —

t
Tn

n > threshold

where z,, is the cost of the best solution found during the previous
n runs and threshold is a threshold value. If the inequality holds,
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the current run is abandoned. For example, if threshold = 3 (the
value used in our experiments) and the cutoff inequality holds at a
given checkpoint temperature ¢, the probability of improving =, by
continuing the run below ¢ is expected to be less than 1% [1].

5 Three Restart Criteria

Whenever a run is completed or abandoned, two options are avail-
able: either start a fresh new annealing run or, instead, restart an
earlier (promising) run, using a different sequence of random num-
bers ("reannealing”). In total, if reannealing is constrained to start
from one of the checkpoint temperatures, there are up to n-|C|+1
possible options, where n is the number of earlier runs and |C] the
number of checkpoints in set . Below, we describe three "restart
criteria” that aim at selecting among these options so as to maxi-
mize the chances of quickly converging to a near-optimal solution.

5.1 Maximum Cost Reduction Rate Criterion

When considering several points from which to restart search, two
factors need to be taken into account: (1) the likelihood that restart-
ing search from a given point will lead to an improvement of the cur-
rent best solution and (2) the time that it will take to complete a run
from that point. Restarting from a low temperature will generally
bring about moderate solution improvements, if any, while requiring
little CPU time. Starting fresh new runs or restarting from higher
temperatures can lead to more significant improvements, though
less consistently and at the cost of more CPU time. In general, the
cost improvements that can be expected from different temperatures
will vary from one problem to another, as illustrated in Figure 3
(and as formalized by ECID distributions).

A natural restart criterion is one that picks the restart point
expected to maximize the rate at which the cost of the current best
solution will improve. For each restart candidate Oy, (fresh anneal-
ing or reannealing), this can be approximated as the expected cost
reduction (in the best solution), if search is restarted from Oy, di-
vided by the expected CPU time required to complete a run from
that restart point. Below, we use R(Oy) to denote this approxima-
tion of the expected cost reduction rate, if search is restarted from



Oki
expected-reduction(Oy)

expected-C PU(Oy)

where expected-reduction(Oy) is the expected cost reduction at the
end of a run starting from Oy and expected-C PU(Oy) is the CPU
time that this run is expected to require. expected-C PU(Oy) can be
approximated as the average time required to complete earier runs
from Oy’s temperature. expected-reduction(Oy) can be evaluated
using KCID distributions, as detailed below.

Given a reannealing point Oy at checkpoint temperature ¢t and n

R(Oy) =

earlier SA runs completed from ¢ or above, expected-reduction(Oy)
can be approximated as:

expected-reduction(Oy) = /xn{Pik(:Jc) (x, — ) }de
LB

where P? (z) is the density function of the normal distribution
Nler — pl, ol], cx is the cost of Oy’s best solution', z,, is the cost
of the best solution obtained over the first n runs, and LB is a
lower-bound on the optimal solution?

Similarly, if Oy is a fresh SA run, expected-reduction(Oy) can
be approximated as:

expected-reduction(Oy) = /%{Pn(x) (x, —a)}de
LB

where P, (z) is the density function of the normal distribution N[u2, o
with

0 0
0 D iy G 0 __ ¢Z?:1{Ci — Ng}z
9 Un - N

Hn = n n—1

5.2 Randomized Criterion

One possible problem with the above criterion is its high sensitivity
to possible inaccuracies in approximations of KC'ID distributions.
This can be a problem when the number of earlier runs is still
small. When inaccurate ECID distributions lead the criterion to
choose a poor restart point, the procedure may take a long time
before it improves the quality of the current best solution. In the

To be consistent, if Oy, correponds to the i-th SA run, ¢; = ¢!, as defined
in Section 3.
?In the experiments reported in this paper, LB was simply set to 0.

0
n

]7



meantime, it may keep on coming back to the same poor restart
point. For this reason, it is tempting to use a randomized version of
the criterion. One such variation involves randomly picking from a
set of promising restart points, H = {O;|R(O;) > 3-Max{R(Oy)}},
while assuming that each element in H has the same probability,

L/|H]|, of being selected. /3 is a constant whose value is between 0
and 1.

5.3 Hybrid Criterion

A third alternative involves keeping some level of stochasticity in
the restart criterion, while ensuring that more promising restart
points have a higher chance of being selected. This is done by
selecting restart points in H according to a Boltzmann distribution
that assigns to each element O; € H a probability

C cp(RO))7)
O = e (R(On)]7))

Here, 7 is a positive constant. If 7 is very large, this method
becomes equivalent to the randomized criterion described in sub-

section 5.2. Ifr & 0, this criterion becomes similar to the criterion
of subsection 5.1. A similar distribution is used in the Q-learning

algorithm described in [33].

6 Performance Evaluation

To evaluate performance of our cutoff and restart criteria, we con-
sider two classes of particularly challenging combinatorial optimiza-
tion problems: the Just-In-Time Job Shop Scheduling Problem and
the Vehicle Routing Problem with Time Windows. Below, we suc-
cessively provide a succinct description of each domain, the base
SA procedure we developed for it and its performance on bench-
mark problems, when run with and without our cutoff and restart
criteria.

6.1 The Job Shop Scheduling Problem with Tardiness and
Inventory Costs

The Just-In-Time Job Shop Scheduling Problem or Job Shop Schedul-
ing Problem with Tardiness and Inventory Costs was first intro-
duced in [24]. The problem assumes a factory, in which a set of
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jobs, J ={j1,J2,*,Jn}, has to be scheduled on a set of resources,
RES = {Ry, Ry, -+, R,,}. Each job requires performing a set of
operations O' = {0}, 0}, - - 07111} and, ideally, should be completed
by a given due date, dd;, for delivery to a customer. Precedence
constraints specify a complete order in which operations in each
job have to be performed. By convention, it is assumed that op-
eration O! has to be completed before operation Of_l_l can start
(: = 1,2,--+-,n; — 1). Each operation O! has a deterministic du-
ration du! and requires a resource R € RES. Resources cannot
be assigned to more than one operation at a time. The problem
is to find a feasible schedule that minimizes the sum of tardiness
and inventory costs of all the jobs (”Just-In-Time” objective). This
problem is known to be NP-complete [24] and is representative of a
large number of actual factory scheduling problems where the ob-
jective is to meet customer demand in a timely yet cost effective
manner. Additional details on this model can be found in [24].
Experimental results reported below suggest that a good neigh-
borhood function for this problem can be obtained by randomly ap-
plying one of the following three operators to the current schedule®:

o SHIFT-RIGHT: randomly select a "right-shiftable” operation

and increase its start time by one time unit?.

e SHIFT-LEFT (mirror image of SHIFT-RIGHT): randomly se-
lect a ”left-shiftable” operation and decrease its start time by
one time unit.

o EXCHANGE: randomly select a pair of adjacent operations
on a given resource and permute the order in which they are
processed by that resource. Specifically, given two consecutive
operations, A and B on a resource R, with A preceding B in
the current solution, the exchange operator sets the new start
time of B to the old start time of A and the new end time of

3In the scheduling jargon, the Just-In-Time objective considered in this
study is known to be irregular[15]. Prior applications of SA to job shop schedul-
ing have only considered regular objectives such as Minimum Makespan. It can
be shown that the neighborhoods used in these earlier studies are not adequate
to deal with irregular objectives such as the one considered here [26].

fAn operation is said to be “right(left)-shiftable” if its start time can
be increased (decreased) by one time unit without overlapping with another
operation.
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A to the old end time of B °.

In our experiments, the probability of picking the EXCHANGE
operator was empirically set to 3/7 while the probabilities of picking
SHIFT-RIGHT or SHIFT-LEFT were each set to 2/7. Additionally,
the values of parameters in the SA procedure (see Figure 1) were
set as follows: Ty = 700, T} = 6.25, N = 200,000 and « = 0.85.

The performance of this SA procedure has been evaluated in a
comparison against 39 combinations of well-regarded dispatch rules
and release policies previously used to assess the performance of
the Sched-Star [16] and Micro-Boss [24, 25] systems on a set of 40
benchmark problems similar to the ones described in [24, 25]. The
40 benchmarks consisted of 8 problem sets obtained by adjusting
three parameters to cover a wide range of scheduling condition: an
average due date parameter (tight versus loose average due date), a
due date range parameter (narrow versus wide range of due dates),
and a parameter controlling the number of major bottlenecks (in
this case one or two). For each parameter combination, a set of 5
scheduling problems was randomly generated, thereby resulting in a
total of 40 problems. Each problem involved 20 jobs and 5 resources
for a total of 100 operations. On average, when compared against
the best solution found on each problem by the 39 combinations
of dispatch rules and release policies, SA reduced schedule cost by
15% (average over 10 SA runs). When comparing the best solution
obtained in 10 SA runs against the best solution obtained on each
problem by the 39 combinations of dispatch rules and release poli-
cies, SA produced schedules that were 34% better. However, while
running all 39 combinations of dispatch rules and release policies
takes a few CPU seconds on a problem, a single SA run takes about
3 minutes on a DECstation 5000/200 running C. Additional details
on these experiments can be found in [26].

6.1.1 Empirical Evaluation of Cutoff and Restart Criteria

We now turn to the evaluation of the cutoff and restart criteria pre-
sented in this paper and compare the performance of five variations
of the SA procedure presented in 6.1:

°In our implementation, exchanging two operations is allowed even if a prece-
dence constraint is violated in the process. Precedence constraint violations are
handled using large artificial costs that force the SA procedure to quickly get
rid of them [26].
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e N-SA: regular SA, as described in 6.1 (no learning).
o P-SA: SA with cutoff criterion.

e B-SA: SA with cutoff and Maximum Cost Reduction Rate

restart criteria.

e R-SA: SA with cutoff and randomized restart criteria (5 =
0.5).

e H-SA: SA with cutoff and hybrid restart criteria (8 = 0.5
and 7 =1).

When running P-SA, B-SA, R-SA, and H-SA, the cutoff and/or
restart criteria were only activated after 5 complete SA runs to
allow for the construction of meaningful FCID distributions. All
four of these procedures used the same set of checkpoints, C' = {200,
100, 50, 25, 12.5}.

The five procedures were compared on the same 40 benchmark
problems described in subsection 6.1%. Each SA procedure was run
for 2 hours on each benchmark problem. Furthermore, to eliminate
possible noise effects, each two-hour experiment was repeated a total
of 15 times. The results presented here were obtained by averaging
performance of these 15 runs of each procedure on each problem.

Fig. 5 depicts the performance of the five SA procedures on a
typical benchmark problem. The first 15 minutes are not repre-
sented, as they correspond to the first 5 runs when the cutoff and
restart criteria have not yet been activated.

cost
A o N-SA
- o P-SA
8500 A
A R-SA
* H-SA
80004
7500 ' T T ™ Time (min.)

30 60 90 120

At the present time, only a subset of the problems in each of the 8§ problem
sets have been completed. Complete results will be presented in the final version
of the paper.
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Fig. 5 Improvement of the best solution over time.

The figure shows that throughout its run, N-SA was dominated
by the other four procedures. It also indicates that both the cutoff
criterion and the restart criteria contributed to this performance
improvement. Among the three restart criteria, H-SA appears to
perform best. Figure 5 further suggests that the restart criterion
in H-SA improves performance through the entire run, as the gap
between H-SA and N-SA widens over time. These observations are
confirmed by results obtained on the 8 problem sets of the study, as
depicted in Figure 6. Fig. 6(a) shows the average cost reductions
yielded by P-SA, B-SA, R-SA and H-SA over N-SA at the end of the
two-hour runs. Figure 6(b) gives the average reduction in the CPU
time required by each of these four procedures to find a solution of
equal or better quality than the best solution found by N-SA in two
hours. It can be seen that H-SA requires between 30% and 70% less
CPU time than N-SA.

Cost reduction (%) Speedup (%)
7.07
6.0
o P-SA
80 1 = B-SA
5.0 A R-SA
® H-sA
4.0 60
3.0
40
2.0
201
1.07
0.0 T T T T T T T T 0.0 T T T T T T T
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7
Problem Set Problem Set
(a) Cost reduction (computation time: fixed) (b) Speedup (cost: fixed)

Fig. 6 Empirical comparison.

A finer analysis indicates that performance improvements pro-
duced by our cutoff and restart criteria increase as one requires
higher quality solutions. Figure 7, compares the average CPU time
of each of the five procedures as the required quality of solutions
is increased. While all five procedures take about as long to find
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a solution with cost below 9000 or 8800, the time required to find
a solution below 8500 varies significantly (e.g. H-SA can find such
a solution in 3500 seconds while N-SA requires close to 10,000 sec-
onds).

Time (sec)

10000 -

5000 1

\\ Cost = 8400
'\‘\’__‘\‘ Cost = 8500
Cost = 8600

e L, . Cost=8800
0.0 ® Cost = 9000

N-SA P-SA B-SA R-SA H-SA
Fig. 7 Speedups as a function of required solution quality.

As already indicated in Section 5, the difference in performance
between B-SA, R-SA and H-SA suggests that a deterministic use
of KEC'ID distributions to decide where to restart search can be
tricky, as these distributions may not be accurate, especially when
only a small number of runs has been completed. By injecting non-
determinism in the restart criterion, R-SA and H-SA ensure that
the procedure will not always restart from the same point. The
procedure is forced to sample a wider area and in the process gets
a chance to refine KC'ID distributions. From this point of view,
B-SA is a procedure that places more emphasis on using existing
knowledge of the search space than acquiring new one, while R-SA
places more emphasis on learning and less on exploiting already
acquired information. H-SA appears to provide the best balance
between these two requirements.

Finally, it should be obvious that the CPU time and memory
overheads of our cutoff and restart criteria are very moderate. All
in all, in our experiments, the CPU time required to learn KCID
distributions and apply the cutoff and restart criteria was well under

1% of total CPU time.
6.2 The Vehicle Routing Problem With Time Windows

The Vehicle Routing Problem with Time Windows (VRTW) is an
extension of the classical vehicle routing problem (VRP) [2, 8, 13].
In the VRPTW, a set of capacitated vehicles are to be routed from a
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central depot to pickup goods at different customer locations. Fach
customer location has a time window with an earliest release time
and a latest delivery time. The vehicles are required to service ev-
ery customer after their release times and before the latest delivery
times. A service time is incurred at each customer location visited
by the vehicle. Vehicles that reach a customer before the earliest
release time have to wait until the release time is realized. Vehicles
that reach the customer after the latest delivery time are considered
to be tardy. In [27], it is shown that finding a feasible solution to
the Traveling Salesman Problem with Time Windows (TSPTW) is
an NP-complete problem. As a result, it can be seen that finding a
feasible solution to the VRPTW with a fixed number of vehicles is
also NP-complete. Practical applications of the VRPTW are many
(e.g. bank deliveries, postal deliveries, industrial refuse collection,
school bus routing and scheduling, etc.) and research on this prob-
lem has resulted in a number of publications (e.g. [28], [13], [21],
4, 291, [30]).

In the procedure considered in this study, an initial solution is
generated using a Genetic Algorithm [29]. The solution is then
improved using a SA procedure where neighborhood solutions are
generated with A-interchange operators similar to the ones intro-
duced in [19] for the capacitated clustering problem. A-interchange
operators rely on the interchange of customers between pairs of
routes. Given a solution S = {Ry,---, Ry, -, Ry, -+, R}, where
each route R; represents the set of customers serviced by vehicle;,
a A-interchange between a pair of routes I, and R, is the replace-
ment of a subset of customers S; C R, (| 51 |[< A) by another
subset Sy C R, (] 52 |< ) to produce a neighboring solution
St = ARy, -, B, R Ry}, where R = (R, \ S1) U Sy and
R, = (R,\ S2)US). Given a value of A, a cycle in the SA procedure
(equivalent of the "for i=1,N” loop in Fig. 1) involves the system-
atic examination of all neighboring solutions one can reach through
A-interchange. Given a solution S = {Ry, -+, Ry, -+, Ry, -+, Ri },
our procedure systematically considers each pair of routes:

(R17 R2)7 (R17 R3)7 Tty (R17 Rk)7 (R27 R3)7 Tt (R27 Rk)7 T (Rk—17 Rk)
(1)
and considers all possible A-interchanges between these routes. The

result is a search cycle that examines a total of M?l pairs of
routes. To avoid too long of a cycle, the SA procedure considered
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in this study restricts itself to the exchange of at most two cus-
tomers between routes (A = 2). Specifically, given a pair of routes
R, and R,, neighboring solutions are systematically generated by
applying each one of the following operators: (0,1), (1,0), (1,1),
(0,2), (2,0), (2,1), (1,2) and (2,2), where (0,1) denotes the trans-
fer of one customer from route q to route p, (0,2) the transfer of
two customers, (1,1) the exchange of one customer between route
p and ¢, etc. Given a pair of routes and an operator, neighbor-
ing solutions are generated by visiting customers along each route
in sequential order. For each A-interchange, the cost of the newly
obtained solution is computed by updating the costs of routes R,
and R,. Based on these costs and the current temperature, the SA
procedure determines whether or not to accept the transition. The
SA procedure considered in this study allows for transitions to so-
lutions that violate vehicle capacity (overloading violation) and/or
tardiness constraints. This is accounted for using costs penalties
proportional to the constraint violations. The cost associated with
a given vehicle route Ry is of the form:

Dy 4+ oWy + 00Oy + 6T} (2)

where Dy is the total distance traveled by vehicle k, W} is the
total waiting time on route k, Oy is the total overload for vehicle
route k and T} is the total tardiness on vehicle route k. In the exper-
iments reported below, the weight factor ¢ was set to one percent of
the total distance Djy. The penalty factor ¢ was set to ten percent
of Dy and & to one percent of Dy, thereby creating penalties that
are proportional to the total distance traveled by the vehicle. The
result is a SA procedure that oscillates between feasible and infea-
sible parts of the solution space. The amplitude of the oscillation
is determined by the current value of the temperature parameter.
As temperature decreases, the amplitude is reduced with search
concentrating mainly on the feasible region. The final solution re-
ported by the procedure is the best feasible solution obtained over
the entire search.

6.2.1 Empirical Evaluation of Cutoff and Restart Criteria

Performance of this SA procedure both with and without our cutoff
and restart criteria was studied on an initial set of VRPTW bench-
marks. The 16 problems, each consisting of 100 customers, were
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obtained from the R1 and RC1 data sets introduced in [28]. These
problems have been used since then by a number of researchers
to evaluate the performance of their procedures. The R1 data set
consists of 100 uniformly distributed customers and the RC1 set
consists of 100 customers that are both clustered and uniformly
distributed. Each problem requires a minimum number of vehi-
cles ranging between 10 and 20. The experiments reported in this
subsection, were conducted using a set of checkpoint temperatures
C = 150,100,50,25,12.5 7.

On each problem, five initial SA runs were executed to obtain
meaningful ECID distributions (i.e. train the system).

“In general, optimum sets of checkpoint temperatures are expected to vary
from one domain to another. Experiments reported in this section are prelim-
inary and it is expected that better results could be obtained by further fine
tuning checkpoint temperatures and other parameters.
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Results obtained with different variations of our SA procedure
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for each of the sixteen problems are presented in Table 1 and 2,
where they are compared with the performance of other procedures
described in the literature [28, 5, 21, 29, 23]. On each problem,
each variation of our SA procedure (SA— N, SA— B, SA— R, and
SA — H) was applied for a total of ten runs, not including the five
runs to obtain initial ECID distributions. CPU time was obtained
on an Intel486/100 Mhz machine running C.

While performance of our procedures could benefit from addi-
tional fine tuning (e.g. checkpoint temperatures), the results clearly
that:

1. Our basic SA procedure (i.e. procedure without cutoff and
restart criteria), denoted SA — N, produces results that are
consistently within 5 to 10 percent of the optimal solution or
best known solution on data set R1-8. The results on data set
RC1-8 are generally within 12 percent or so, with the excep-
tion of RC3 and RCA4.

2. Performance of the procedure consistently improves with the
addition of our cutoff and restart criteria, reducing CPU time
and often producing better solutions. In addition, the result-
ing SA-H procedure appears competitive, when considering
its CPU requirements.

Overall, the SA procedure with cutoff and randomized restart
(SA-R) and the SA procedure with cutoff and hybrid restart (SA-H)

perform consistently better than the other three SA methods.
Between SA-R and SA-H, the SA-H method is more consistent in
the amount of time required to explore its neighborhood and obtains
solutions that are usually better than all of the other SA methods.
In other words, while more preliminary, these results seem to con-
firm those observed with just-in-time job shop scheduling problems,
as reported earlier.
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7 Summary

In summary, we have developed a mechanism that learns to recog-
nize (un)promising SA runs by refining "Expected Cost Improve-
ment Distributions” (EC1Ds) over multiple SA runs, and have de-
veloped search cutoff and restart criteria that exploit these distri-
butions. These mechanisms are domain independent and have been
validated on two domains: the just-in-time job shop scheduling do-
main with tardiness and inventory costs and the vehicle routing
problem with time windows. Experimental results show that in both
domains these mechanisms can dramatically reduce the computa-
tional requirements of competitive SA procedures. Fxperiments
presented in this paper further indicate that the closer one seeks to
be to the optimum, the larger the speedups.
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