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Abstract

The best performing algorithms for a particular oversubscribed scheduling application,
Air Force Satellite Control Network (AFSCN) scheduling, appear to have little in com-
mon. Yet, through careful experimentation and modeling of performance in real problem
instances, we can relate characteristics of the best algorithms to characteristics of the
application. In particular, we find that plateaus dominate the search spaces (thus favor-
ing algorithms that make larger changes to solutions) and that some randomization in
exploration is critical to good performance (due to the lack of gradient information on
the plateaus). Based on our explanations of algorithm performance, we develop a new
algorithm that combines characteristics of the best performers; the new algorithm’s perfor-
mance is better than the previous best. We show how hypothesis driven experimentation
and search modeling can both explain algorithm performance and motivate the design of
a new algorithm.

1. Introduction

Effective solution of the Air Force Satellite Control Network (AFSCN) scheduling problem
runs counter to conventional wisdom in AI. Other scheduling problems, e.g., United States
Air Force (USAF) Air Mobility Command (AMC) airlift (Kramer & Smith, 2003) and
scheduling telescope observations (Bresina, 1996), are well solved by heuristically guided
constructive or repair based search. The best performing solutions to AFSCN are a genetic
algorithm (Genitor), Squeaky Wheel Optimization (SWO) and randomized next-descent
local search. We have not yet found a constructive or repair based solution that is compet-
itive.

The three best performing solutions to AFSCN appear to have little in common, making
it difficult to explain their superior performance. Genitor combines two candidate solutions
preserving elements of each. SWO creates an initial greedy solution and then attempts to
improve the scheduling of all tasks known to contribute detrimentally to the current eval-
uation. Randomized local search makes incremental changes based on observed immediate
gradients in schedule evaluation. In this paper, we examine the performance of these differ-
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ent algorithms, identify factors that do or do not help explain the performance and leverage
the explanations to design a new search algorithm that is well suited to the characteristics
of this application.

Our target application is an oversubscribed scheduling application with alternative re-
sources. AFSCN (Air Force Satellite Control Network) access scheduling requires assigning
access requests (communication relays to U.S.A. government satellites) to specific time slots
on an antenna at a ground station. It is oversubscribed in that not all tasks can be ac-
commodated given the available resources. To be considered to be oversubscribed, not all
problem instances need overtax the available resources, but for our application, that ap-
pears to be the case. The application is challenging and shares characteristics with other
applications such as Earth Observing Satellites (EOS). It is important in that a team of
human schedulers have laboriously performed the task every day for at least 15 years with
minimal automated assistance.

All of the algorithms are designed to traverse essentially the same search space: solutions
are represented as permutations of tasks, which a greedy schedule builder converts into a
schedule by assigning start time and resources to the tasks in the order in which they appear
in the permutation. We find that this search space is dominated by plateaus. Additionally,
the size of the plateau increases dramatically as the best solution is approached.

Given the dominance of plateaus, we have explored a number of different hypotheses to
explain the performance of each algorithm. Some of these hypotheses include the following:

Genitor, a genetic algorithm, identifies patterns of relative task orderings, similar to back-
bones from SAT (Singer, Gent, & Smaill, 2000), which are preserved in the members of
the population. This is in effect a type of classic building block hypothesis (Goldberg,
1989).

SWO starts extremely close to the best solution and so need not enact much change. This
hypothesis also implies that it is relatively easy to modify good greedy solutions to
find the best known solutions.

Randomized Local Search performs essentially a random walk on the plateaus to find
exits leading to better solutions; given the distribution of solutions and lack of gradient
information, this may be as good a strategy as any.

We tested each of these hypotheses. There is limited evidence for the existence of building
blocks or backbone structure. And while Squeaky Wheel Optimization does quickly find
good solutions, it cannot reliably find best known solutions. Therefore, while the first
two hypotheses were somewhat supported by the data, the hypotheses were not enough to
explain the observed performance.

The third hypothesis appears to be the best explanation of why the particular local
search strategy we have used works so well. In light of this, we formulated another hypoth-
esis:

SWO and Genitor make long leaps in the search space, which allow them to relatively

quickly traverse the plateaus.

This last hypothesis appears to well explain the performance of the two methods. For
the genetic algorithm the leaps are naturally longer during the early phases of search when
parent solutions are less similar.



Based on these studies, we constructed a new search algorithm that exploits what we
have learned about the search space and the behavior of successful algorithms. Attenuated
Leap Local Search makes multiple changes to the solution before evaluating a candidate
solution. In addition, the number of changes decreases commensurate with expected prox-
imity to the solution. The number of multiple changes, or the length of the leap, is larger
early in the search, and reduces (shortens) as better solutions are found. We find that this
algorithm performs quite well: it quickly finds best known solutions to all of the AFSCN
problems.

2. AFSCN Scheduling

The U.S.A. Air Force Satellite Control Network is currently responsible for coordinating
communications between civilian and military organizations and more than 100 USAF man-
aged satellites. Space-ground communications are performed using 16 antennas located at
nine tracking stations around the globe!. Figure 1 shows a map of the current configuration
of AFSCN; this map shows one fewer tracking station and antennae than are in our data,
due to those resources apparently having been taken off-line recently. Customer organiza-
tions submit task requests to reserve an antenna at a tracking station for a specified time
period based on the visibility windows between target satellites and tracking stations. Two
types of task requests can be distinguished: low altitude and high altitude orbits. The low
altitude tasks specify requests for access to low altitude satellites; such requests tend to
be short (e.g., 15 minutes) and have a tight visibility window. High altitude tasks specify
requests for high altitude satellites; the durations for these requests are more varied and
usually longer, with large visibility windows.

Approximately 500 requests are typically received for a single day. Separate schedules
are produced by a staff of human schedulers at Schriever Air Force Base for each day. Of the
500 requests, often about 120 conflicts remain after the first pass of scheduling. “Conflicts”
are defined as requests that cannot be scheduled, since they conflict with other scheduled
requests (this means that 120 requests remain unscheduled after an initial schedule is
produced).

From real problem data, we extract a description of the problem specification in terms of
task requests to be scheduled with their corresponding type (low or high altitude), duration,
time windows and alternative resources. The AFSCN data also include information about
satellite revolution numbers, optional site equipment, tracking station maintenance times
(downtimes), possible loss of data due to antenna problems, various comments, etc.; we do
not incorporate such information in our problem specification. The information about the
type of the task (low or high altitude) as well as the identifier for the satellite involved are
included in the task specification. However, we do not know how the satellite identifier
corresponds to an actual satellite and so rely on precomputed visibility information which
is present in the requests.

1. The U.S.A. government is planning to make the AFSCN the core of an Integrated Satellite Control
Network for managing satellite assets for other U.S.A. government agencies as well, e.g., NASA, NOAA,
other DoD affiliates. By 2011, when the system first becomes operational, the Remote Tracking Stations
will be increased and enhanced to accommodate the additional load.
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Figure 1: Map of the current AFSCN network including tracking stations, control and relay.
The figure was produced for U.S.A. Space and Missile Systems Center (SMC).

A problem instance consists of n task requests. Each task request T;, 1 < i < n, specifies
a required processing duration TiDW. Fach task request also specifies a number of j > 0
pairs of the form (R;, TJVZ”), each identifying a particular alternative resource (antenna R ;)
and time window 1‘;?/7471 for the task. The duration of the task is the same for all possible
alternative resources and it needs to be allocated within the time window; we denote the
lower and upper bounds of the time window by T Z;/V”‘(LB) and TZ;/V”‘( UB), respectively. For
each task, only one of the alternative antennas needs to be chosen; also, the tasks cannot
be preempted once processing is initiated.

While requests are made for a specific antenna, often a different antenna at the same
tracking station may serve as an alternate because it has the same capabilities. We assume
that all antennas at a tracking station can serve as alternate resources?. While this is not
always the case in practice, the same assumption was made by previous research from the Air
Force Institute of Technology (AFIT). A low altitude request specifies as possible resources
the antennas present at a single tracking station (for visibility reasons, only one tracking
station can accommodate such a request). Usually there are two or three antennas present
at a tracking station, and therefore, only two or three possible resources are associated with

2. In fact, large antennas are needed for high altitude requests, while smaller antennas can handle the low
altitude requests. Depending on the type of antennas present at a tracking station, not all antennas can
always serve as alternate resources for a request.



each of these requests. High altitude requests specify all the antennas present at all the
tracking stations that satisfy the visibility constraints; as many as 14 possible alternatives
are specified in our data.

Previous research and development on AFSCN scheduling focused on minimizing the
number of request conflicts for AFSCN scheduling, or alternatively, maximizing the number
of requests that can be scheduled without conflict. Those requests that cannot be scheduled
without conflict are bumped out of the schedule. This is not what happens when humans
carry out AFSCN scheduling®. Satellites are valuable resources, and the AFSCN operators
work to fit in every request. What this means in practice is that after negotiation with the
customers, some requests are given less time than requested, or shifted to less desirable,
but still usable time slots. In effect, the requests are altered until all requests are at least
partially satisfied or deferred to another day. By using an evaluation function that minimizes
the number of request conflicts, an assumption is being made that we should fit in as many
requests as possible before requiring human schedulers to figure out how to place those
requests that have been bumped.

However, given that all requests need to be eventually scheduled, we designed a new
evaluation criterion that schedules all the requests by allowing them to overlap and minimiz-
ing the sum of overlaps between conflicting tasks. This appears to yield schedules that are
much closer to those that human schedulers construct. When conflicting tasks are bumped
out of the schedule, large and difficult to schedule tasks are most likely to be bumped;
placing these requests back into a negotiated schedule means deconstructing the minimal
conflict schedule and rebuilding a new schedule. Thus, a schedule that minimizes conflicts
may not help all that much when constructing the negotiated schedule, whereas a schedule
that minimizes overlaps can suggest ways of fitting tasks into the schedule, for example
by reducing a task’s duration by two or three minutes, or shifting a start outside of the
requested window by a short amount of time.

We obtained 12 days of data for the AFSCN application®. The first seven days are from
a week in 1992 and were given to us by Colonel James Moore at the Air Force Institute of
Technology. These data were used in the first research projects on AFSCN. We obtained an
additional five days of data from schedulers at Schriever Air Force Base. Table 2 summarizes
the characteristics of the data. We will refer to the problems from 1992 as the A problems,
and to the more recent problems, as the R problems.

3. Related Scheduling Research

The AFSCN application is a multiple resource, oversubscribed problem. Examples of other
such applications are USAF Air Mobility Command (AMC) airlift scheduling (Kramer &
Smith, 2003), NASA’s shuttle ground processing (Deale, Yvanovich, Schnitzuius, Kautz,
Carpenter, Zweben, Davis, & Daun, 1994), scheduling telescope observations (Bresina,

3. We met with the several of the schedulers at Schriever to discuss their procedure and have them cross-
check our solution. We appreciate the assistance of Brian Bayless and William Szary in setting up the
meeting and giving us data.

4. We have approval to make public some, but mnot all of the data. See
http://www.cs.colostate.edu/sched /data.html for details on obtaining the problems.



ID Date # Requests | # High | # Low | Best Conflicts | Best Overlaps
Al 10/12/92 322 169 153 8 104
A2 | 10/13/92 302 165 137 4 13
A3 | 10/14/92 311 165 146 3 28
A4 10/15/92 318 176 142 2 9
A5 | 10/16/92 305 163 142 4 30
A6 | 10/17/92 299 155 144 6 45
AT | 10/18/92 297 155 142 6 46
R1 | 03/07/02 483 258 225 42 773
R2 | 03/20/02 457 263 194 29 486
R3 | 03/26/03 426 243 183 17 250
R4 | 04/02/03 431 246 185 28 725
R5 | 05/02/03 419 241 178 12 146

Table 1: Problem characteristics for the 12 days of AFSCN data used in our experiments.
ID is used in other tables. Best conflicts and best overlaps are the best known
values for each problem for these two objective functions.

1996) and satellite observation scheduling (Frank, Jonsson, Morris, & Smith, 2001; Globus,
Crawford, Lohn, & Pryor, 2003).

AMC scheduling assigns delivery missions to air wings (Kramer & Smith, 2003). Their
system adopts an iterative repair approach by greedily creating an initial schedule ordering
the tasks by priority and then attempting to insert unscheduled tasks by retracting and
re-arranging conflicting tasks.

The Gerry scheduler was designed to manage the large set of tasks needed to prepare
a space shuttle for its next mission (Zweben, Daun, & Deale, 1994). Tasks are described
in terms of resource requirements, temporal constraints and required time windows. The
original version used constructive search with dependency-directed backtracking, which was
not adequate to the task; a subsequent version employed constraint-directed iterative repair.

In satellite scheduling, customer requests for data collection need to be matched with
satellite and tracking station resources. The requests specify the instruments required,
the window of time when the request needs to be executed, and the location of the sens-
ing/communication event. These task constraints need to be coordinated with resource
constraints; these include the windows of visibility for the satellites, maintenance periods
and downtimes for the tracking stations, etc. Typically, more requests need to be scheduled
than can be accommodated by the available resources. A general description of the satellite
scheduling domain is provided by Jeremy Frank et al.(2001).

Pemberton(2000) solves a simple one-resource satellite scheduling problem in which
the requests have priorities, fixed start times and fixed durations. The objective function
maximizes the sum of the priorities of the scheduled requests. A priority segmentation algo-
rithm is proposed, which is a hybrid algorithm combining a greedy approach with branch-
and-bound. Wolfe and Sorensen (2000) define a more complex one-resource problem, the
window-constrained packing problem (WCP), which specifies for each request the earliest
start time, latest final time and the minimum and maximum duration. The objective func-



tion is complex, combining request priority with the position of the scheduled request in its
required window and the number of requests scheduled. Two greedy heuristic approaches
and a genetic algorithm are implemented; the genetic algorithm is found to perform best.

Globus et al.(2003) compare a genetic algorithm, simulated annealing, Squeaky Wheel
Optimization (Joslin & Clements, 1999) and hill climbing on a simplified, synthetic form
of the satellite scheduling problem (two satellites with a single instrument) and find that
simulated annealing excels and that the genetic algorithm performs relatively poorly. For
a general version of satellite scheduling (EOS observation scheduling), Frank et al.(2001)
propose a constraint-based planner with a stochastic greedy search algorithm based on
Bresina’s Heuristic-Biased Stochastic Sampling (HBSS) algorithm (Bresina, 1996). HBSS
(Bresina, 1996) was originally applied to scheduling astronomy observations for telescopes.

Lemaitre et al.(2000) research the problem of scheduling the set of photographs for Agile
EOS (ROADEF Challenge, 2003). Task constraints include the minimal time between two
successive acquisitions, pairings of requests such that images are acquired twice in different
time windows, and hard requirement that certain images must always be acquired. They
find that a local search approach performs better than a hybrid algorithm combining branch-
and-bound with various domain-specific heuristics.

The AFSCN application was previously studied by researchers from the Air Force Insti-
tute of Technology (AFIT). Gooley (Gooley, 1993) and Schalck (Schalck, 1993) described
algorithms based on mixed-integer programming (MIP) and insertion heuristics, which
achieved good overall performance: 91% — 95% of all requests scheduled. Parish (Parish,
1994) used the Genitor (Whitley, 1989) genetic algorithm, which scheduled roughly 96%
of all task requests, out-performing the MIP approaches. All three of these researchers
used the AFIT benchmark suite consisting of seven problem instances, representing actual
AFSCN task request data and visibilities for seven consecutive days from October 12 to
18, 1992. Later, Jang (Jang, 1996) introduced a problem generator employing a bootstrap
mechanism to produce additional test problems that are qualitatively similar to the AFIT
benchmark problems. Jang then used this generator to analyze the maximum capacity of
the AFSCN, as measured by the aggregate number of task requests that can be satisfied in
a single-day.

While the general decision problem of AFSCN Scheduling with minimal conflicts is NP-
complete, special subclasses of AFSCN Scheduling are polynomial. Burrowbridge (Burrow-
bridge, 1999) considers a simplified version of AFSCN scheduling, where each task specifies
only one resource (antenna) and only low-altitude satellites are present. The objective is
to maximize the number of scheduled tasks. Due to the orbital dynamics of low-altitude
satellites, the task requests in this problem have negligible slack; i.e., the window size is
equal to the request duration. Assuming that only one task can be scheduled per time
window, the well-known greedy activity-selector algorithm (Cormen, Leiserson, & Rivest,
1990) is used to schedule the requests since it yields a solution with the maximal num-
ber of scheduled tasks. To schedule low altitude requests on one of the multiple antennas
present at a particular ground station, we extended the greedy activity-selector algorithm
for multiple resource problems. We proved that this extension of the greedy activity-selector
optimally schedules the low altitude requests for the general problem of AFSCN Scheduling
(Barbulescu, Watson, Whitley, & Howe, 2004b).



4. Algorithms

We implemented a variety of algorithms for AFSCN scheduling: iterative repair, heuristic
constructive search, local search, a genetic algorithm (GA), and Squeaky Wheel Optimiza-
tion (SWO). As will be shown in Section 5, we found that randomized next descent local
search, the GA and SWO work best for AFSCN scheduling.

We also considered constructive search algorithms based on texture (Beck, Davenport,
Sitarski, & Fox, 1997) and slack (Smith & Cheng, 1993) constraint-based scheduling heuris-
tics. We implemented straightforward extensions of such algorithms for our application.
The results were poor; the number of request tasks combined with the presence of multiple
alternative resources for each task make the application of such methods impractical. We do
not report the performance values for the constructive search methods because these meth-
ods depend critically on the heuristics; we are uncomfortable concluding that the methods
are poor because we may not have found good enough heuristics for them. We also tried
using a commercial off-the-shelf satellite scheduling package and had similarly poor results.
We do not report performance values for the commercial system because it had not been de-
signed specifically for this application and we did not have access to the source to determine
the reason for the poor performance.

Solution Representation Permutation based representations are frequently used when
solving scheduling problems, e.g., (Whitley, Starkweather, & Fuquay, 1989), (Syswerda,
1991) (Wolfe & Sorensen, 2000) (Aickelin & Dowsland, 2003) (Globus et al., 2003). All of
our algorithms, except iterative-repair, encode solutions using a permutation 7 of the n task
request IDs (i.e., [1..n]). A schedule builder is used to generate solutions from a permutation
of request IDs. The schedule builder considers task requests in the order that they appear
in w. Each task request is assigned to the first available resource (as sequenced by the list
of resource and window pairs provided in the task description) and at the earliest possible
starting time. When minimizing the number of conflicts, if the request cannot be scheduled
on any of the alternative resources, it is dropped from the schedule (i.e., bumped). When
minimizing the sum of overlaps, if a request cannot be scheduled without conflict on any of
the alternative resources, we assign it to the resource on which the overlap with requests
scheduled so far is minimized. Note that our schedule builder does favor the order in which
the alternative resources are specified in the request, even though no preference is specified
for any of the alternatives.

4.1 Iterative Repair

Iterative repair methods have been successfully used to solve various oversubscribed schedul-
ing problems, e.g., Hubble Space Telescope observations (Johnston & Miller, 1994) and space
shuttle payloads (Zweben et al., 1994; Rabideau, Chien, Willis, & Mann, 1999). NASA’s
ASPEN (A Scheduling and Planning Environment) framework (Chien, Rabideau, Knight,
Sherwood, Engelhardt, Mutz, Estlin, Smith, Fisher, Barrett, Stebbins, & Tran, 2000), em-
ploys both constructive and repair-based methods and has been used to model and solve
real-world space applications such as scheduling EOS. More recently, Kramer et al. (Kramer
& Smith, 2003) used repair-based methods to solve the airlift scheduling problem for the
USAF Air Mobility Command.



In each case, a key component to the implementation was a domain appropriate ordering
heuristic to guide the repairs. For AFSCN scheduling, Gooley’s algorithm (Gooley, 1993)
uses domain-specific knowledge to implement a repair-based approach. We implement an
improvement to Gooley’s algorithm that is guaranteed to yield results at least as good as
those produced by the original version.

Gooley’s algorithm has two phases. In the first phase, the low altitude requests are
scheduled, mainly using Mixed Integer Programming (MIP). Because there is a large number
of low altitude requests, the requests are divided into two blocks. MIP procedures are first
used to schedule the requests in the first block. Then MIP is used to schedule the requests
in the second block, which are inserted in the schedule around the requests from the first
block. Finally, an interchange procedure attempts to optimize the total number of low
altitude requests scheduled. This is needed because the low altitude requests are scheduled
in disjoint blocks. Once the low altitude requests are scheduled, their start time and assigned
resources remain fixed. In our implementation, we replaced this first phase with a greedy
algorithm (Barbulescu et al., 2004b) proven to schedule the optimal number of low altitude
requests®. Our version accomplishes the same function as Gooley’s first phase, but does so
with a guarantee that the optimal number of low-altitude requests are scheduled. Thus, the
result is guaranteed to be equal to or better than Gooley’s original algorithm.

In the second phase, the high altitude requests are inserted in the schedule (without
rescheduling any of the low altitude requests). An order of insertion for the high altitude
requests is computed. The requests are sorted in decreasing order of the ratio of the dura-
tion of the request to the average length of its time windows (this is similar to the flexibility
measure defined by Kramer and Smith for AMC (Kramer & Smith, 2003)); ties are broken
based on the number of alternative resources specified (fewer alternatives scheduled first).
After all the high altitude requests have been considered for insertion, an interchange pro-
cedure attempts to accommodate the unscheduled requests, by rescheduling some of the
high altitude requests. For each unscheduled high altitude request, a list of candidate re-
quests for rescheduling is computed (such that after a successful rescheduling operation,
the unscheduled request can be placed in the spot initially occupied by such a candidate).
A heuristic measure is used to determine which requests from the candidate list should
be rescheduled. For the chosen candidates, if no scheduling alternatives are available, the
same procedure is applied to identify requests that can be rescheduled. This interchange
procedure is defined with two levels of recursion and is called “three satellite interchange”.

4.2 Randomized Local Search (RLS)

We implemented a hill-climber we call “randomized local search”. Because it has been
successfully applied to a number of well-known scheduling problems, we selected a domain-
independent move operator, the shift operator. From a current solution m, a neighborhood
is defined by considering all (N —1)? pairs (x,y) of positions in 7, subject to the restriction
that y # « — 1. The neighbor 7 corresponding to the position pair (x,y) is produced by
shifting the job at position x into the position y, while leaving all other relative job orders

5. Our algorithm optimally solves the problem of scheduling only the low altitude requests, in polynomial
time.



unchanged. If z < y, then 7’ = (7 (1), ..., 7(x — 1), 7(x + 1), ..., 7(y), 7(z), 7(y + 1), ..., 7(n)).
If x >y, then 7’ = (7(1),....,7(y — 1), 7(x), 7(y), ..., 7(x — 1), 7(z + 1),...,7(n)).

Given the large neighborhood size, we use the shift operator in conjunction with next-
descent hill-climbing. Our implementation completely randomizes which neighbor to exam-
ine next, and does so with replacement: at each step, both x and y are chosen randomly.
This general approach has been termed “stochastic hill-climbing” by Ackley (Ackley, 1987).
If the value of the randomly chosen neighbor is equal or better than the value of the current
solution, it becomes the new current solution.

It should be emphasized that Randomized Local Search, or stochastic hill-climbing, can
sometimes be much more effective than steepest-descent local search or next-descent local
search where the neighbors are checked in a predefined order (as opposed to random order).
Forrest and Mitchell (Forrest & Mitchell, 1993) showed that a random mutation hill climber
(much like our RLS or Ackley’s stochastic hill climber) found solutions much faster than
steepest-descent local search on a problem they called “The Royal Road” function. The
random mutation hill climber also found solutions much faster than a hill climber that
generated and examined the neighbors systematically (in a predefined order). Random
mutation hill climber was also much more effective than a genetic algorithm for this problem
— despite the existence of what would appear to be natural “building blocks” in the function.
It is notable that “The Royal Road” function is a staircase like function, where each step
in the staircase is a plateau.

4.3 Genetic Algorithm

Genetic algorithms were found to perform well on the AFSCN scheduling problem in some
early studies (Parish, 1994). Genetic algorithms have also been found to be effective in other
oversubscribed scheduling applications, such as scheduling F-14 flight simulators (Syswerda,
1991) or an abstraction of NASA’s EOS problem (Wolfe & Sorensen, 2000). For our studies,
we used the version of Genitor originally developed for a warehouse scheduling application
(Starkweather, McDaniel, Mathias, Whitley, & Whitley, 1991); this is also the version
used by Parish for AFSCN scheduling. Like all genetic algorithms, Genitor maintains a
population of solutions; in our implementation, we fixed the population size to be 200. In
each step of the algorithm, a pair of parent solutions is selected, and a crossover operator
is used to generate a single child solution, which then replaces the worst solution in the
population. Selection of parent solutions is based on the rank of their fitness, relative to
other solutions in the population. Following Parish (1994) and (Starkweather et al., 1991),
we used Syswerda’s (1991) position-based crossover operator.

Syswerda’s position-based crossover operator starts by selecting a number of random
positions in the second parent. The corresponding selected elements will appear in exactly
the same positions in the offspring. The remaining positions in the offspring are filled with
elements from the first parent in the order in which they appear in this parent:

Parent : A BCDEVFGHTI J

Parent 2: CF A J HD I GBE
Selected Elements: oK * *

Offspringg CF AEGDH T B J



For our implementation, we randomly choose the number of positions to be selected,
such that it is larger than one third of the total number of positions and smaller than two
thirds of the total number of positions.

4.4 Squeaky Wheel Optimization

Squeaky Wheel Optimization (SWO) (Joslin & Clements, 1999) repeatedly iterates through
a cycle composed of three phases. First, a greedy solution is built, based on priorities asso-
ciated with the elements in the problem. Then, the solution is analyzed, and the elements
causing “trouble” are identified based on their contribution to the objective function. Third,
the priorities of such “trouble makers” are modified, such that they will be considered ear-
lier during the next iteration. The cycle is then repeated, until a termination condition is
met.

We constructed the initial greedy permutation for SWO by sorting the requests in in-
creasing order of their flexibility. Our flexibility measure is similar to that defined for the
AMC application (Kramer & Smith, 2003): the duration of the request divided by the
average time window on the possible alternative resources. We break ties based on the
number of alternative resources available. For requests with equal flexibilities and numbers
of alternative resources, the earlier request is scheduled first. For multiple runs of SWO,
we restarted it from a modified permutation created by performing 20 random swaps in the
initial greedy permutation.

When minimizing the sum of overlaps, we identified the overlapping requests as the
“trouble spots” in the schedule. Note that for any overlap, we considered one request to
be scheduled; the other request (or requests, if more than two requests are involved) is
"the overlapping request”. We sorted the overlapping requests in increasing order of their
contribution to the sum of overlaps. We associated with each such request a distance to
move forward, based on its rank in the sorted order. We fixed the minimum distance of
moving forward to one and the maximum distance to five (this seems to work better than
other possible values we tried). The distance values are equally distributed among the ranks.
We moved the requests forward in the permutation in increasing order of their contribution
to the sum of overlaps: requests with smaller overlaps are moved first. We tried versions
of SWO where the distance to move forward is proportional with the contribution to the
sum of overlaps or is fixed. However, these versions performed worse than the rank based
distance implementation described above. When minimizing conflicts in the schedule all
conflicts have an equal contribution to the objective function; therefore we decided to move
them forward for a fixed distance of five (we tried values between two and seven but five
was best).

4.5 Heuristic Biased Stochastic Sampling (HBSS)

HBSS (Bresina, 1996) is an incremental construction algorithm in which multiple root-
to-leaf paths are stochastically generated. At each step, the HBSS algorithm needs to
heuristically choose the next request to schedule from the unscheduled requests. We used the
flexibility measure as described for SWO to rank the unscheduled requests. We compute the
flexibility for each request and order them in decreasing order of the flexibility; each request
is then given a rank according to this ordering (first request has rank 1, second request rank
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2, etc.). A bias function is applied to the ranks; as noted by Bresina (1996:271), the choice
of bias function “reflects the confidence one has in the heuristic’s accuracy - the higher the
confidence, the stronger the bias.” The flexibility heuristic is an effective greedy heuristic
for constructing solutions in AFSCN scheduling. Therefore we used a relatively strong bias
function, an exponential bias. For each rank r, the bias is computed: bias(r) = e~". The
probability to select the unscheduled request with rank r is then computed as:

bias(r)
>icUnscheduled bias(rank(i))

P(r) =

where Unscheduled represents the set of unscheduled requests.

5. What Works Well?

A first step to understanding how best to solve a problem is to assess what methods perform
best. The results of running each of the algorithms are summarized in Tables 2 and 3
respectively. For Genitor, randomized local search (RLS) and Squeaky Wheel Optimization
(SWO), we report the best and mean value and the standard deviation observed over 30
runs, with 8000 evaluations per run. For HBSS, the statistics are taken over 240,000 samples.
Both Genitor and RLS were initialized from random permutations.

The best known values for the sum of overlaps (see Table 2) were obtained by running
Genitor with the population size increased to 400 and up to 50,000 evaluations; over hun-
dreds of experiments using numerous algorithms, we have not found better solutions than
these. When we report that an algorithm is better than Genitor it means that it was better
than Genitor when both algorithms were limited to 8000 evaluations.

With the exception of Gooley’s algorithm, the CPU times are dominated by the number
of evaluations and therefore are similar. On a Dell Precision 650 with 3.06 GHz Xeon
running Linux, 30 runs with 8000 evaluations per run take between 80 and 190 seconds (for
more precise values, see (Barbulescu, Howe, Whitley, & Roberts, 2004a)). For HBSS, we
do not re-compute the flexibility of the unscheduled tasks every time we choose the next
request to be scheduled; therefore, the CPU times for HBSS are similar to the CPU times
for the other algorithms.

The increase in the number of requests received for a day in the more recent R problems
causes an increase in the number and percentage of unscheduled requests. For the A prob-
lems, at most eight task requests (or 2.5% of the tasks) are not scheduled; between 97.5%
and 99% of the task requests are scheduled. For the R problems, at most 42 (or 8.7% of
the tasks) are not scheduled; between 91.3% and 97.2% of the tasks requests are scheduled.

To compare algorithm performance, our statistical analyses include Genitor, SWO, and
RLS. But to ensure fairness across the different algorithms we discuss in the paper, we
also include in our analyses the algorithms SWO1Move (a variant of SWO we explore in
Section 6.5.2), and ALLS (a variant of Local Search we present in Section 7). We judge
significant differences of the final evaluations using an ANOVA for the five algorithms on
each of the recent days of data. All ANOVAs came back significant, so we are justified in
performing pair-wise tests. We examined a single-tailed, two sample t-test as well as the
non-parametric Wilcoxon Rank Sum test. The Wilcoxon test significance results were the
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same as the t-test except in two pairs, so we only present p-values from the t-test that are
close to our rejection threshold of p < .005 per pair-wise test®.

When minimizing conflicts, many of the algorithms find solutions with the best known
values. Pair-wise t-tests show that Genitor and RLS are not significantly different for R1,
R3, and R4. Genitor significantly outperforms RLS on R2 (p = .0023) and R5 (p = .0017).
SWO does not perform significantly different from RLS for all five days and significantly
outperforms Genitor on R5. Genitorsignificantly outperforms SWO on R2 and R4; however,
some adjusting of the parameters used to run SWO may fix this problem. It is in fact
surprising how well SWO performs when minimizing the conflicts, given that we chose a
very simple implementation, where all the tasks in conflict are moved forward with a fixed
distance. HBSS performs well for the A problems; however, it fails to find the best known
values for R1, R2 and R3. The original solution to the problem, Gooley’s, only computes a
single solution; its results can be improved by a sampling variant (see Section 6.2.1).

When minimizing overlaps, RLS finds the best known solutions for all but two of the
problems. It significantly outperforms Genitor on R1 and R2, significantly under-performs
on R3, and does not significantly differ in performance on R4 and R5. RLS and SWO do not
perform significantly different except for R3 where RLS under-performs. SWO significantly
outperforms Genitor on all five days. However, if run beyond 8000 evaluations, Genitor
continues to improve the solution quality but SWO fails to find better solutions. HBSS
finds best known solutions to only a few problems. For comparison, we computed the
overlaps corresponding to the schedules built using Gooley’s algorithm and present them
in the last column of Table 3; however, Gooley’s algorithm was not designed to minimize
overlaps.

5.1 Progress Toward the Solution

SWO and Genitor apply different criteria to determine solution modifications. RLS ran-
domly chooses the first shift resulting in an equally good or improving solution. To assess
the effect of the differences, we tracked the best value obtained so far when running the
algorithms. For each problem, we collected the best value found by SWO, Genitor and RLS
in increments of 100 evaluations, for 8000 evaluations. We averaged these values over 30
runs of SWO, RLS, and Genitor, respectively.

A typical example for each objective function is presented in Figures 2 and 3. For both
objective functions, the curves are similar, as is relative performance. SWO quickly finds
a good solution, then its performance levels off. RLS progresses quickly during the first
half of the search, while Genitor exacts smaller improvements. In the second half of the
search though, RLS takes longer to find better solutions, while Genitor continues to steadily
progress toward the best solution.

We observe two differences in the objective functions. First, when minimizing the num-
ber of conflicts, both Genitor and RLS eventually equal or outperform SWO. For minimizing
overlaps, Genitor and RLS take longer to find good solutions; after 8000 evaluations, SWO
found the best solutions. Second, when minimizing the number of conflicts, toward the

6. Five algorithms imply, at worst, 10 pair-wise comparisons per day of data. To control the experiment-
wise error, we use a (very conservative, but simple) Bonferroni adjustment; this adjustment is known to
increase the probability of a Type II error (favoring false acceptance that the distributions are 