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Abstract
In this paper we explore the reuse of components of known good schedules in new scheduling
problems. This involves accumulating a case-base of good quality schedules, retrieving a case
(or cases) similar to a new scheduling problem and building a new schedule from components
of the retrieved cases. We start by introducing the components of Case-Based Reasoning
(CBR) and we describe a CBR solution to a Travelling Salesman Problem in order to illustrate
the use of CBR in optimisation problems. Two CBR solutions to a single machine scheduling
problem with sequence dependent setup times are described. These are evaluated by
comparing them with two more conventional alternative techniques – simulated annealing and
myopic search. Both CBR techniques are shown to provide good quality solutions quickly.

Case-Based Reasoning in Scheduling:
Reusing Solution Components
1 Introduction
There is a lot of optimism at the moment about the usefulness of case-based reasoning (CBR) in the
development of knowledge based systems. The view is that cases can represent good quality solutions that
may be reused in new situations. Typically, cases represent compiled knowledge in weak theory domains
(CAPLAN/CBC as described in (Muñoz, Paulokat & Wess, 1994) is a typical example of this idea.). There
are other situations where solution reuse may be advantageous; for instance in optimisation problems where
cases can represent highly optimised structures in the problem space. In this paper we explore this type of
reuse in job scheduling problems.
Two distinct approaches to case-based scheduling can be identified from the literature. The first one is used
in Koton's SMARTplan (1989). Cases are used to propose preliminary schedules which are then adapted
(refined and repaired) to satisfy the target schedule requirements. The second approach does not uses cases to
propose schedules, but instead to adapt schedules proposed by other methods (for example, Sycara &
Miyashita, 1994). In other words cases can encode actual schedules (the first approach) or they can encode
repair procedures (the second approach).
In this work we examine the first approach and look at two different modes of reuse -- (1) the reuse of single
cases as skeletal solutions, and (2) the reuse of multiple cases as the building blocks of the desired target
solution.
In order to explain the manner in which schedule components can be reused we start with an example of the
use of CBR in a standard Travelling Salesman Problem. The Euclidean nature of this problem allows the
manner in which schedules are reused to be seen graphically.
The core scheduling problem considered here is a single machine problem where job setup time is sequence
dependent. We consider two CBR solutions to this problem and we compare these with two standard solution
techniques. The first is Simulated Annealing; this produces good quality solutions but is computationally
expensive. The second is a naïve search mechanism that selects the nearest job next. This is referred to as the
Myopic solution; it produces poorer solutions but is fast.
An extensive evaluation comparing these techniques is presented. Our conclusion is that the CBR techniques
produce fairly good quality solutions quickly. The details of the scheduling problem are presented in the next
section before the CBR solutions are introduced in section 3. The case retrieval mechanisms are described is
section 4 and the evaluation is presented in section 5.

2 Case-Based Reasoning
The basic motivation behind Case-Based Reasoning is that, in many tasks, expert competence may rely
heavily on reusing solutions to previously solved problems. The exploitation of this idea in knowledge-based
systems (KBS) development produces systems where expertise is encoded implicitly in cases rather than
explicitly in rules or models of the problem domain. Evidently this approach to KBS development has
important knowledge engineering advantages because the important interactions in the problem domain do
not have to be modelled explicitly. Thus CBR is particularly useful in weak theory domains (i.e. problem
domains where the important causal interactions are not well understood).
Thus, in the context of all that has been written about the knowledge engineering bottleneck, CBR looks like
a ‘free lunch’. It seems to allow for the design of knowledge-based systems without knowledge engineering.
Experienced CBR practitioners realise that this in not really the case. In order for a CBR system to work
effectively important domain knowledge needs to be encoded in the case indexing structure, in the retrieval
mechanism and in case adaptation (Richter ’95).
Before proceeding with this discussion it is worth summarising the key components of the CBR process. The
core of the CBR system is the case-base where descriptions of solved problems are stored (see Figure 1).
Typically, a case will have two major components, a solution and a specification. The solution is the bit that
might be reused and the specification is used to discover similarity to new target problems. The specification
is usually represented as a set of feature values. If useful remindings are to be based on this specification then
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the features must be predictive of the important characteristics of the problem. A substantial knowledge
engineering effort may be required to discover a good set of features. The CBR system must have a retrieval
mechanism that can efficiently discover cases similar to the target problem in the case-base. There are many
techniques in use but the two most common are based on decision trees or k-nearest neighbour techniques.
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Figure 1. A general model of retrieval in case-based reasoning
Often the most problematic aspect of a CBR system will be the adaptation phase. If the target case is
different from the retrieved case it will be necessary to adapt the retrieved solution to account for these
differences. The complexity of this adaptation will depend on the complexity of the case solution. In
diagnosis and classification tasks the solution is often atomic (i.e. a simple symbol or value) and no
adaptation may be required. Whereas in design a solution may have a complex structure and adaptation will
have to manipulate this. So the structure and complexity of solutions is an important characteristic in
classifying CBR systems because it has strong implications for the amount of adaptation required (Hanney,
Keane, Smyth & Cunningham 1995).
Another defining characteristic of CBR systems is the number of cases used to compose a new solution. The
standard approach is to use a single case in solving a new problem. However, there has been considerable
work on CBR systems that may reuse several cases in solving a new problem. This reuse of several cases
may involve combining several cases in a hierarchical solution (Smyth & Cunningham 1992) or several
cases may be aggregated in finding a new solution (Redmond, 1990). In this paper we explore a CBR
solution to the scheduling problem based on the reuse of a single case and a solution where components of
several cases are combined in forming a solution.
One of the evident attractions of the CBR idea is the prospect of the power of the system improving over
time as new cases are learned and incorporated into the case-base. It is perhaps surprising that this does not
often occur in practice. There is not a strong argument in favour of getting the system to incorporate cases in
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its case-base that it has solved itself because learning these cases will not improve the competence of the
system. It may improve the performance of the system but ‘speed-up’ learning is not often a strong
motivation. This argument suggests that incorporating learning into a CBR system only makes sense where
the cases being learned were solved by another agent. This other agent may be an expert user or it may be a
software component such as a first-principles planner.

3 The Scheduling Problem
The scheduling problem addressed here involves scheduling N jobs on a single machine in a situation where
job setup time is sequence dependent. The manifestation of this problem with which we are concerned arises
in electronics assembly where the job setup time on component sequencing machines used in printed circuit
board assembly is schedule dependent. The setup time associated with scheduling job B after job A depends
directly on the number of components required in B that were not used in A (see Cunningham & Browne,
1987 for more details).
This is an example of a non Euclidean TSP in that solutions cannot be graphed in 2-dimensional space. This
scheduling problem is also asymmetric in that the 'distance' from A to B is probably not equal to the
'distance' from B to A. The context of this scheduling problem motivates a case based solution. Typically
schedules will be produced on a weekly or monthly basis and the set of jobs to be scheduled may be similar
to a set scheduled in the past.
Before presenting our solution to this scheduling problem we will describe T-CBR a case-based solution to a
standard TSP that can be described graphically. This will offer some insight into how the reuse of
components actually works. We also present an analysis of the case-base size required to offer good
coverage in a given domain.
3.1 CBR Solution to a Euclidean TSP
In Figure 2 we show a 'world' of 100 cities, an optimised tour of 40 cities and a target problem of 40 cities.
There is an overlap of 19 cities between the base and the target. In T-CBR the size and distribution of this
overlap is the measure of similarity used in case retrieval. The first step in the adaptation process is to
produce a skeleton tour from the overlap of the base and target; this is shown in the Figure. The first CBR
solution is produced by adding the remaining cities on the target to this tour.
Target City
Base City
Base Tour
Skeleton
Tour

Figure 2. A 'world' of 100 cities, a target problem of 40 cities and a base with 19 cities in common with the
target.
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The algorithm for this is as follows:function Add-cities(tour, rem-cities)
{
if rem-cities {
best-city ← Select-best-city(tour, rem-cities)
rem-cities ← Remove-city(best-city, rem-cities
tour ← Insert-city(tour, best-city)
Add-cities(tour, rem-cities)
}
}

The Select-best-city function takes each remaining city in turn and finds the point on the tour where it
can be inserted with the minimum cost. The best city is the one that can be inserted in the tour with least cost.
This first CBR solution is shown in Figure 3.
Target City
Base City
Base Tour
Skeleton
Tour
Target Tour

Figure 3. The first CBR solution for the target shown in Figure 2.
This T-CBR solution is 365 units in length. The SA algorithm produced a solution of 338 units. This T-CBR
solution is 8% longer than the SA solution. This adaptation mechanism is inspired by the geometric
techniques for solving TSPs used by Norback and Love (1976). However it will work for non geometric or
non symmetric problems. T-CBR goes on to improve this initial solution by examining each pair of cities in
turn and testing to see if reversing the section of path between these two points produces an improved
solution. We call this gradient descent 'Freezing' by analogy with what happens in Simulated Annealing.
3.2 An Analysis of Case Coverage
The size of the case-base depends on a number of factors: n, the number of cities; r the tour lengths of cases
and target problems; and k the desired overlap between a target problem and a retrieved case. That is:For a domain of n cities and a tour size of r, how many cases are required to ensure the presence of at least
one case that shares k or more cities with the target?
First of all the total number of possible tours of size r in this domain (of n cities) is given by equation 1.
(1)

 n
Total tours =  
 r

The total number of tours that share exactly k elements is shown in equation 2. The first factor is the total
number of ways of choosing k cities from tours of r cities, and, given that k cities have now been fixed, the
second factor is the total possible ways of filling the remaining r-k tour positions.
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(2)

r n − r
Total tours sharing k cities =   • 

 k  r − k 

The total number of tours that share k or more cities is thus given by equation 3.
r

(3)

Total tours sharing k or more cities =

 r  n − r

∑  i  •  r − i 
i= k

For a particular target specification of r cities, the probability of picking a random tour that shares at least k
cities with this target is shown in equation 4; this is termed the probability of success and is denoted by S.
r

(4)

S =

 r   n − r

∑  i  •  r − i 
i =k

 n
 
r

Now in a CBR scenario, a case-base of C random cases means that we have essentially C attempts to find a
successful tour, a tour that overlaps by at least k cities with the target. We would like the probability of
failure (in other words the probability of there not being a suitable case) to be less than some fraction ε . So
if (1-S)C is the probability of a finding no such case over C trials* then the relationship between ε and S is
the simple one shown in equation 5.
(5)

(1 - S )C < ε

So from this we can form the function in equation 6 that computes the case-base size necessary to ensure that
a suitable case is present for every target problem, all but ε×100% of the time.
(6)

C =

log(ε )
log(1 - S)

Figure 4 (A) & (B) illustrate how this function behaves for various values of n, r, and k. In each graph, the
error value, ε , is kept static at 0.05, and n is varied from 50 to 500 in increments of 50, a separate curve is
drawn for each n value and marked with that value. Both graphs plot the case-based size on the y axis, which
is logarithmically scaled.
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Figure 4. Variations in case-base size.

* (1- S) is the probability of not selecting a successful tour in one attempt so (1-S)C is the probability of
failure after C consecutive attempts.
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Figure 4(A) plots case-base size against the tour length (that is the case and target sizes). The desired overlap
between target and case, k, is assumed to be 30% of the tour length. As expected there are large variations in
the size of the case-base as n and r increase. It is interesting that for this 30% overlap restriction, the size of
case-base needed for a given n peaks when r is 12.5% of n and trails off rapidly as r increases towards n. For
example, for n = 500, the case-base size offering 30% overlap, peaks at r = 40, where over 105 cases are
needed to provide the desired problem coverage. However, when the tour size is 100, less than 600 cases are
needed.
Figure 4(B) plots the case-base size against varying overlap. For each curve r is fixed at 20% of n and the
overlap, k, is varied from between 0 and r/2. So for example, the curve corresponding to n = 500 corresponds
to a system where the tour length (that is the sizes of the cases and the target problems) is 100, and a varying
overlap of between 0 and 50 cities. Again, as expected the case-base size rises exponentially with k. In a
system where n is 500, r is 100, and k is 50 (that is 50% of the tour length), a case-base of over 1014 cases is
required. However, as was mentioned above, if an overlap of 30 cities is acceptable for this system then less
that 600 cases are needed.
A pessimistic interpretation of these results might suggest that CBR and TSP do not mix well, owing to the
enormous case-bases required to provide adequate coverage and significant performance improvements.
However this is not necessarily true in general, and there exist a great many TSP problems which are
amenable to a case-base solution, at least in the sense that the case-base is of an acceptable size. In particular,
this is true if the route size r is greater than roughly 20% of n and k is less that about 40% of r.

4 Two CBR Solutions in Scheduling
The data used in the scheduling experiments describe a hypothetical situation. There is a total of 500 jobs
that may need to be scheduled periodically. Each job has between 40 and 80 components taken from a set of
200 components. The cost of scheduling job B after job A is represented by the number of components in B
not in A, as said before. There is also a case-base of 600 good quality schedules of 100 jobs each taken from
the population of 500 jobs. These schedules were produced using simulated annealing (see Cunningham &
Smyth, 1995 for details of the algorithm). *
In this paper we consider two alternative CBR solutions to this scheduling problem. The first solution we call
the skeletal solution. This reflects the way in which the best matching case retrieved from the case-base is
used to form a skeleton on which the new schedule is built. In this situation only one case from the case base
is retrieved; the jobs that this case has in common with the target case make up the skeleton and the
remaining cases are added to this skeleton using the algorithm described in section 3.1.
The other CBR approach is radically different in that several cases are used in building a solution to the
target problem. We call this the building block solution because sub-sections of the target schedule are
discovered in cases in the case-base and composed into a new schedule to satisfy the target problem. The first
step in this process is to retrieve these sub-sections of schedule from the case-base (see section 5 for more
details). These schedule bits are contiguous sections of existing optimised schedules that contain only jobs on
the target schedule.

•

The data used in these experiments are available on the World Wide Web at:http://www.cs.tcd.ie/Padraig.Cunningham/sched-data.html
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schedule ← starting job
function Add-bits(schedule, bits-pool)
{
if bits-pool{
best-bit ← Select-best-bit(schedule-end, bits-pool)
if Close-to-schedule(best-bit){
schedule ← Concatenate(schedule, best-bit)
bits-pool ← Remove-unusable-bits(schedule, bits-pool)
Add-bits(schedule, bits-pool)
}
}
}
The Select-best-bit function tries two things; first it looks for the longest bit that starts at the current
end point of the incomplete schedule (same job), if it fails on this is selects the bit that starts closest to the
current end point. Each time the schedule is extended, bits are removed from the pool if they contain jobs
that are now already in the schedule. This process produces a schedule that is still missing some jobs; these
jobs are added in using the process described in the skeletal solution.
We feel this building block approach is the more important for scheduling in general because it involves
reusing fragments of optimised structure in new situations. This strategy has the potential for reuse in more
complex scheduling problems.

5 Case Retrieval
Two different approaches to retrieval are described. One works to select a single best skeletal case which is
reused as a template for the target solution; some jobs will be dropped from the template, some will be
added. The other approach returns a collection of solution sequences, each of which may be used intact to
produce a part of the target schedule.
5.1

Case Retrieval for the Skeletal Solution

Selecting a skeletal solution involves searching for a case which satisfies two criteria. First, the case must
share a significant portion of the target jobs. Second, these jobs must be distributed as evenly as possible
throughout the case solution – concentrations of target jobs do not make good skeletal solutions.
The pseudo-code below describes how the case-base is searched for the best possible skeleton as a two step
process. The first step, base filtering, only accepts cases whose overlap with the target case suggests the
possibility of a good skeletal solution; if a case intersects with the target in only a few jobs then it is unlikely
to yield a suitable skeletal solution.
function Retrieve-Skeleton(target-jobs, case-base) {
base-cases ← Base-Filter(target-jobs, case-base)
best-case ← First(base-cases)
best-score ← Skeletal-Quality(best-case)
For each base-case in Rest(base-cases) {
base-score ← Skeletal-Quality(target-jobs, base-case)
if base-score > best-score {
best-score ← base-score
best-case ← base-case
}
}
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The second step chooses a single case by using a metric that measures skeletal solution quality in terms of
the number of jobs in the skeletal solution and the evenness of the distribution of these jobs through the
entire base solution.
function Skeletal-Quality(target-jobs, base-case) {
shared-jobs ← Intersection(target-jobs, base-case)
StdDev ← Skeletal-Deviation(shared-jobs, base-case)

qual ← [len(base − case)2 − StdDev × len(base − case))] ×

len(shared − jobs)
len(base − case)

Return(qual)
}
This "evenness" factor is a measure of the distribution of the target jobs in the base job sequence. The lengths
of segments of the base sequence that do not contain target jobs are obtained and the standard deviation of
these lengths is calculated. Large deviations are indicative of uneven skeletons and result in poor quality
(low values) measures1.
So the function Skeletal-Deviation measures the unevenness of the overlap in a skeletal solution.
function Skeletal-Deviation(shared-jobs, base-case){
position-list ← Positions(shared-job, base-case)
difference-list ← Positional differences between adj. shared-jobs

mean − difference ←

∑ diff

diff ∈difference − list

difference − list

∑ (mean − difference − diff)

2

deviation ←

diff ∈difference − list

difference − list

Return(deviation)
}
For example, consider the target specification (T) containing 10 jobs {0,1,2,3,4,5,6,7,8,9}. Suppose cases C1
and C2 encode the following schedules, {36,3,2,6,8,12,15,20,4,22} and {4,20,2,23,6,31,7,15,9,17}. Both
cases share 5 jobs with the target. However the skeletal deviation of C1 is 1.68 (with a mean difference of
1.75) and for C2 it is 0 (with a mean of 2); the target jobs are evenly distributed through C2 but concentrated
in the first half of C1. The result is that the quality of C1's skeleton is 41.6 while C2's is 50. In other words
C2 is preferred over C1.
5.2

Case Retrieval for the Building Block Approach

The building block retrieval algorithm uses the same base filtering process as the skeletal retrieval algorithm
(although the intersection threshold is generally set to a lower value). The main difference between the
procedures is that instead of using a quality metric, building block retrieval calls a function which breaks a
case solution up into reusable building block sequences (schedule bits). These bits are collected and those
large enough (≥3 jobs) are returned to be used later in composing the final target solution.

1Note that optimal quality (Len(base-case)2) occurs when the target and base match exactly.
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function Retrieve-Building-Blocks(target-jobs, case-base) {
bits ← {}
base-cases ← Base-Filter(target-jobs, case-base)
For each base-case in base-cases {
bits ← bits + Extract-Bits(target-jobs, base-case)
}
Return (bits)
}
The first step in the bit extraction procedure (shown below) is to mark the end (and start) positions of each
reusable bit by noting the positions of any jobs in the base case that are not in the target. The base solution
sequences between these positions are reusable as building blocks because they contain only target jobs. If
such a block contains 3 or more jobs then it is returned by the Extract-Bits function.
function Extract-Bits(target-jobs, base-case){
bits ← {}
unwanted-jobs ← Set-Difference(base-case, target-jobs)
bit-ends ← Positions(unwanted-jobs, base-case)
bit-start ← First(bit-ends)
For each bit-end in Rest(bit-ends) {
bits ← bits + Extract-Bit(base-case, bit-start, bit-end)
bit-start ← bit-end
}
Return(Bits)
}
Figure 5 shows how reusable bits are extracted from C1 and C2 (the cases of the previous example)
according to the jobs specified in the target sequence T. The unshaded jobs represent the edges of reusable
bits and the shaded sections (which contain only target jobs) can be extracted for potential reuse. The
interesting thing to note is that C1 is far more useful than C2 when the building block approach is used; this
is in complete contrast to the skeletal approach where C2 was deemed to be more useful. In fact in this
example C2 yields no useful bits (> 2 jobs in length) where as C1 yields a 4-job bit.

C1 36 3

2

6

8 12 15 20 4

3

2

6

8

C2 4 20 2 23 6 31 7 15 9 17

22

4

4

2

6

7

9

Figure 5. Building Block extraction.
The graph in Figure 6 summarises the results of building block retrieval, averaged over 100 test retrievals, on
a case-base of 600 cases, each encoding a 100 job schedule. It turns out that the number of bits retrieved of a
given size depends exponentially on that size. So while a typical retrieval may return nearly 200 3-job bits, it
returns less that 50 4-job bits, about 10 5-job bits, and usually only 1 or 2 6-job bits; very rarely 7-job or 8job bits may also be found.
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Figure 6. Average numbers of blocks retrieved for the Building Block solution

6 System Evaluation
Two issues are addressed in the evaluation process. We compare the solution quality and solution time of the
two CBR techniques with the two alternatives mentioned already. We also evaluate how these techniques
perform as the size of the target problem is increased. This second evaluation is particularly relevant because
the time taken by the annealing technique increases more than linearly with the problem size.
6.1

Solution Quality & Time

We have said already that medium quality solutions to TSPs can be improved by the “Freezing” technique
described in section 3.1. This measure does not produce any significant improvement in the SA solution;
however it does improve the other three. Thus in evaluating solution time and quality we consider seven
alternatives in total.
As mentioned already, the case-base in use in this evaluation contains 600 good quality schedules produced
using SA. This size of case-base is chosen so that a case overlapping a target problem by 30% can expect to
be retrieved. Figure 7 shows data drawn from running the seven solution techniques on 100 different target
problems. The average times and average schedule lengths were calculated. The key point here is that the SA
takes about 30 times longer than the CBR alternatives.* It can be seen from the graph that, compared with
the time taken for the SA, there is little to choose between the CBR techniques. In turn, the Myopic solution
time is negligible compared to these.

* The details of the simulated annealing solution used here is described in (Cunningham & Smyth, 1995).
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Figure 7. An evaluation of the solution time and solution quality of the different algorithms.
The solution quality is plotted as a percentage above the average solution obtained with SA. The CBR
solutions are within 2% to 2.3% of the SA solution with the Building Block with Freezing solution
improving to within 1% of SA. The Myopic solution is 5% above the best value and improves to 2.5% with
freezing. So the BB+Freezing solution emerges as a source of good quality solutions in a fraction of the time
taken by SA.
6.2

Variations in schedule size

It is clear from an examination of the workings of the CBR techniques that they can be used to produce
solutions for problems of a size different to those in the case-base. In this part of the evaluation we consider
target problems varying in size from 40 to 140 in steps of 10; 20 problems are analysed at each step. It can be
seen in Figure 8 that the skeletal solution quality remains more or less constant at around 2.5% above the SA
values. The building block solutions appear to degrade slightly with problem size.
Perhaps of more interest in this analysis of performance as problem size increases is the time performance of
the techniques (see Figure 9). The SA time appears to increase more than linearly with problem size whereas
the times for the CBR solutions are better behaved. Again, it is evident that the times for the alternatives are
very small compared with that for the SA solution. At 40 jobs the SA takes 10 times as long as the BB
solution; at 140 jobs it takes nearly 40 times as long.
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Figure 8. Variations in solution quality with target problem size.
There is one final caveat however. The time it takes the simulated annealing technique to find a schedule can
be controlled by altering the annealing schedule so we can adjust the solution time for SA down to that of the
CBR techniques. Evidently this will result in a deterioration in the solution quality. However, when we tried
this we found that fast SA (i.e. same execution time as TSP technique) produced solutions that were only ½%
worse than those produced using the building blocks solution described above. So while we have shown that
CBR can be used in scheduling, in situations where SA can be used to produce solutions, it should still be
considered.
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Figure 9. Variations in solution time with target problem size.

7 Conclusions & Future Work
The evaluation described in this paper shows that for single machine scheduling problems with sequence
dependent setup time CBR techniques can be used to produce good quality schedules. Known good
schedules can be stored in a case-base and portions of these schedules can be reused to build new schedules
in very quick time. We have evaluated two models of reuse; a skeletal technique whereby one case is reused,
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and a building block approach where several solutions are merged. We argue that this building block
approach will be usable in other more complex scheduling problems.
There are two caveats however. It appears that schedule adaptation will be highly problem dependent. In new
scheduling scenarios the success of these reuse-based techniques will depend on discovering good adaptation
methods. Case retrieval time will probably increase linearly with case-base size. This will be an issue where
large case-bases are required to give good coverage.
Our next step is to evaluate this building block technique on more complex scheduling problems.
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