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Abstract

Many scheduling scenarios involve altering or repairing
an initial, candidate schedule, sometimes as a result of
unexpected changes to the problem. Given a constraint
satisfaction problem and an initial assignment of values
to variables that violates some constraints, we consider
the problem of finding a solution which differs minimally
from the initial state. We consider two search spaces
for optimally solving this problem, a commitment-based
search space and a difference-based search space. Two
search strategies are evaluated — a depth-first branch-
and-bound strategy as well as an iterative-deepening
strategy. We present preliminary empirical investiga-
tions of these search spaces and strategies are on a sim-
ple resource-scheduling repair problem, as well as a re-
source allocation repair problem related to server con-
solidation. An iterative-deepening strategy applied to
a commitment-based search space is shown to have the
best performance on these two problems.

Introduction

Most research on scheduling and resource allocation
problems consider the problem of generating solutions
from scratch — given a set of objects to schedule or as-
sign to onto resources and a set of constraints on the
assignment (e.g., capacity and/or temporal constraints),
the problem is to generate an assignment that satisfies
the constraints. It is usually assumed that there is no ini-
tial assignment or schedule. However, in practice, there
are situations where it is necessary to find solutions to
scheduling and resource allocation problems that are as
close as possible to a given, initial state.

One example involves the rebalancing of loads among
servers. Server consolidation is the process of using vir-
tual machine technology to consolidate multiple servers
onto a set of fewer servers. (Vogels 2008). There is
currently great demand in the IT industry for server
consolidation products and solutions due to the signif-
icant improvement in energy efficiency and reduction in
“server sprawl” (reduced hardware and datacenter space
requirements) which can be achieved by server consoli-
dation. Consider a set of m servers, each with capac-
ity ¢1,...,cm, and a set of n jobs, where each job has a
weight ws, ..., w, representing the amount of workload
that the job demands of a server. Each “job” represents

a virtual machine, and each “server” represents physical
server machine. The server consolidation problem, which
is to determine whether all jobs can be assigned to ex-
actly one server such that the sum of all jobs assigned
to each bin j is less than or equal to c; is an instance
of the decision version of the classical NP-complete bin
packing problem. (Garey & Johnson 1979). Exceeding
the capacity would cause the overloaded physical server
to fail or have unacceptable performance.

Now, suppose that due to changes in demand, the cur-
rent job weights differ from loads that were projected
when the initial server assignments were made, resulting
in some servers being overloaded. It is possible to reas-
sign jobs (virtual machines) among servers in order to re-
balance the loads. However, migrating a virtual machine
between servers incurs costs (direct costs include sys-
tem administration costs, intangible costs are the costs
of possible downtime for a service). The Min-Cost Load
Rebalancing Problem (LRP) is the problem of finding a
new assignment of jobs to servers such that (1) no server
is overloaded, and (2) the number of jobs that are moved
between severs is minimized.

The need to find a new solution which minimally per-
turbs a previous solution frequently arises in schedul-
ing problems. One possible scenario is similar to
the load rebalancing scenario above, in that require-
ments/constraints suddenly change, invalidating the cur-
rent solution. For example, consider airport gate
scheduling. Flight delays can result in the current gate-
flight assignment becoming invalid, requiring a new gate
schedule. However, reassigning gates incurs significant
costs such as moving baggage handling crews and gate
attendants, notifying passengers, etc.

Another scenario where solutions similar to a given ini-
tial state is desired is when where the initial solution is
(at least partly) the result of human decision-making and
negotiation. For example, in staff scheduling problems
employees express preferences regarding when they want
to work, but their preferences must be balanced against
the staffing demands of the business. This requires gener-
ating a schedule that satisfies staffing requirements while
deviating minimally from employee preferences.

We investigate algorithms for finding optimal solu-
tions to this minimal-cost repair problem. We define



two simple model problems for minimal cost repair
problems. We investigate two candidate search spaces,
commitment-space and difference-space and two search
strategies, depth-first-branch-and-bound and IDA* for
exploring each search space, significant as well as
domain-specific pruning mechanisms. We show that a
new combination of commitment-space and IDA* results
in the best performance in our two domains.

The Minimal Cost Repair Problem

The class of problems we considering is the Min-Cost Re-
pair Problem (MCRP), a type of constraint satisfaction
problem where the goals is to repair an initial assignment
of values to variables (i.e., find a conflict-free solution),
with minimal cost, where we define cost simply as the
number of differences between a candidate solution and
the initial assignment.

While a standard CSP requires that we find a solution
which does not violate any constraints, the MCRP im-
poses the additional goal of minimizing the distance from
an initial assignment of values to variables. The MCRP
is a special case of constraint optimization, where the
objective function seeks to minimize the number of dif-
ferences relative to an initial assignment.

The term “minimal perturbation” has been used to
denote several related but different, problems in the lit-
erature (see Related Work section). In this paper, we
focus on the particular version of the minimal pertur-
bation problem posed in (Ran, Roos, & van den Herik
2002). We introduce the term “MCRP” to avoid con-
fusion with the previous, different problems studied in
the literature. MCRP problems are also similar to opti-
mal AT planning/search domains, in that we search for
the shortest transformation from an initial state to a fi-
nal state which satisfies some criterion. However, our
MCRP domains are more limited in that there are no
preconditions for state changes, i.e., any value can be as-
signed to any variable at any point in the search, except
that final goal state needs to be feasible with respect to
problem-specific constraints.

The Min-Cost Load Rebalancing Problem
(LRP)

We have already informally described the Min-Cost Load
Rebalancing Problem. More formally, the Min-Cost
Load Rebalancing Problem (LRP) is defined as follows:
Given m servers with capacities c1,...,¢cp, a set of n
jobs with weights wq, ..., w,, and an initial assignment
I, ..., I, of jobs to servers, find a new assignment of jobs
to servers x1,...,Zn, 1 < x; < m, such that each job is
assigned to exactly one server, and for every server j,
the sum of the job weights assigned to it is less than or
equal to its capacity ¢;. The objective is to minimize
S (z; # I;), the number of differences between the
initial and final assignments.

The LRP is interesting because bin packing constraints
are at the core of many resource allocation and schedul-
ing problems, so the problem of repairing bin packing

constraints serves as a useful benchmark for our domain-
independent repair strategies. We have already described
an application in virtual machine migration. A closely
related problem was considered in (Aggarwal, Motwani,
& Zhu 2003), which presented approximation algorithm
for minimizing the maximum load on any server while
moving less than k jobs. Similar applications also exist
in the problem of process migration in distributed sys-
tems.

The Min-Cost Schedule Repair Problem
(SRP)

Consider a resource with limited capacity R (or equiva-
lently, R identical resources with unit capacity), T' dis-
crete contiguous timer intervals, and a set of jobs to be
executed on the resource. Each job requires 1 unit of
resource capacity to execute, has a duration d(j), and
a window of time during which must be executed, de-
fined by the earliest start time e(j), and the latest start
time [(j). The Resource Scheduling Problem with Time
Windows (RSP-TW) is to assign a start time for each
job such that no time interval overlaps more than R
jobs. The RSP-TW models problems of allocating a set
of identical resources (or a single resource with limited,
discrete, capacity) among jobs/requests that have a tem-
poral window during which they must be executed or
served. The RSP-TW is NP-complete, since a special
case where all tasks have the same deadline I(e) = T
and same earliest start times (s(t) = 0 for all j) is the
NP-complete multiprocessor scheduling problem (Garey
& Johnson 1979).

The RSP-TW is a highly simplified model that cap-
tures some of the essential resource and temporal con-
straints present in some real-world scheduling problems
such as the NASA Deep Space Network antenna array
scheduling problem (Clement & Johnston 2005), and the
Air Force Satellite Communication Network scheduling
problem (Barbulescu, Whitley, & Howe 2004).

We define the Min-Cost Schedule Repair Problem
(SRP) as an extension of the RSP-TW, such that given
an initial assignment of jobs to start times, and the objec-
tive is to find a conflict-free schedule where the number
of jobs that have different start times than the initial
schedule is minimized.

MCRP Search Spaces and Strategies

In general, a Min-Cost Repair Problem that is based
on an NP-complete problem is itself NP-complete. For
example, the LRP is NP-complete by a straightforward
reduction from the decision version of bin packing, and
the SRP is NP-complete by reduction from the multipro-
cessor scheduling problem.

One possible approach to solving a MCRP is to modify
an existing algorithm for the underlying CSP or schedul-
ing problem, such that instead of terminating after find-
ing a feasible solution, the solver searches for the solution
with minimal distance from the given initial state. For
example, for the LRP, we might try to take an existing



bin packing algorithm and modify it so that instead of
terminating after finding a feasible bin assignment of k
bins, it searches for a k-bin solution with minimal dis-
tance from the initial assignment. Unfortunately, this
is difficult because the optimal solution to the MCRP
can be pruned by the pruning techniques used by solvers
for the underlying CSP. For example, all of the cur-
rently available bin packing algorithms, including column
generation-based integer linear programming solvers as
well as search-based branch-and-bound algorithms, all
derive their effectiveness from mechanisms such as col-
umn generation, lower bounds, and dominance detection,
which, if applied straightforwardly, can prune the opti-
mal MCRP solution. In other words, it is nontrivial to
start with an existing solver and derive an algorithm for
finding optimal solutions the MCRP without disabling or
substantially altering the pruning mechanisms that are
responsible for making the original solver effective in the
first place. Thus, we investigate exact (complete) search
algorithms specifically designed to solve the MCRP.

Given an initial state I = x1..., 2,0, let D; be the
set of states which differ from I by exactly ¢ variable
assignment i.e., ¢ variables in X € D, have a value which
differs from that of the initial state I. We call the set
D = Dy U Dy U ...D, the difference space, or D-space.
The root node of this search space is the initial state I.

We can perform a standard depth-first branch-and-
bound (DFBNB) search in D-space, where at each node,
we select a variable x and assign it some value which
differs from the value in the initial state I. The lower
bounds and infeasibility checks described below are ap-
plied at each node. Figure 1 shows the key features of
depth-first backtracking in D-space. The symmetrySet,
which is initialized to the empty set at the top level, en-
sures that symmetric paths are not considered. For ex-
ample, consider a problem with two variables v; and vs.
Without the symmetry check mechanism implemented
in lines 1, 2, and 4 in Figure 1, the algorithm would enu-
merate both the node (v; = 2,v3 = 2) as well as the
node (v3 = 2,93 = 1), which correspond to the same
assignment of values to variables.

Another way to view the MCRP is as a path-finding
problem, where the start state is the initial assignment,
and the objective is to find a goal state with minimal dis-
tance from the start state. A natural candidate is a best-
first strategy such as A*, but because A* requires expo-
nential memory, we instead consider IDA* (Korf 1985),
which expands nodes in a best-first order using linear
space (at the cost of reopening some nodes). The admis-
sible heuristic function used by IDA* is the same as the
lower bounding function used for DFBNB (see below),
and the d-th iteration of IDA* explores the subset of the
DFBNB D-space search tree where at each node, the sum
f =g+ h <d, where g is the number of differences from
the initial state in the current solution, and h is the lower
bound on the additional number of differences required
to find a conflict-free solution.

Search in D-space has been the basis of previous work
on finding minimal perturbation solutions for CSPs. Ran

et al (2002) applied IDA* in D-space to solve a minimal
perturbation problem for binary CSPs.

An alternative search space is a commitment-based
search space (C-space), each node in the search tree rep-
resents a partially committed assignment of variables to
values, and edges represent a commitment of a variable
to some value. For each variable, we represent its cur-
rent value, as well as whether a commitment has been
made to the value. A variable x is committed to value
v at node N if x is assigned to v at N and every de-
scendant of N, and uncommitted otherwise. For vari-
ables z1,...,x,, we denote a search state as the list
S = {x; = waly,...,z, = val,}, or more concisely,
{valy, ...,val,}. Furthermore, the values are annotated
with an underline “_” if the variable is committed to that
value. For example, in a 2-variable MCRP where the cur-
rent assignments are v; = 1, v = 2, and we have commit-
ted v1 = 1, we can denote this state as {v1 = 1,v9 = 2},
or more concisely, {1,2}. At the root node of this search
space, the variables are assigned the values of the ini-
tial assignment I, and all variables are uncommitted. As
with D-space, it is possible to apply either DFBNB or
IDA* search strategy in C-space. DFBNB in C-space
was previously proposed by Minton et al (1992).

IDA* in C-space is related to Limited Discrepancy
search (LDS) (Harvey & Ginsberg 1995), as both algo-
rithms search a space which is limited by some notion
of “discrepancy”. In fact, it has been noted that LDS
can be viewed as a best-first search, where the cost of a
node is the number of discrepancies in its path from the
root (Korf 1996). In LDS, a “discrepancy” refers to a
decision which deviates from the first value suggested by
a value-ordering heuristic. Let § be the class of all value
ordering heuristics where the first value suggested for
variable z; by the value ordering is the value of z; in the
initial state. Using some value ordering from the class
0, we can implement LDS in C-space which is similar to
IDA* in C-space. The differences are: (1) On the d-th
iteration, LDS explores nodes with up to d discrepancies.
On the other hand, on the d-th iteration, IDA* explores
all nodes where at each node, the sum f =g+ h < d,
where ¢ is the number of discrepancies so far, and h is
a lower bound on the additional number of discrepan-
cies required to reach a conflict-free state. (2) IDA*, like
DFBNB, is a strategy which specifies the overall back-
tracking strategy. This is orthogonal to the selection
of a walue ordering strategy, which specifies the order in
which children of a node are sorted. LDS and its variants
prescribe both a backtracking strategy as well as a par-
ticular value ordering strategy. Thus, IDA* in C-space
is a generalization of LDS for the LRP, and LDS for the
LRP is a special case of the C-space IDA* with a trivial
lower bound (h = 0) and some value ordering heuris-
tic from class §. We found that using the lower bounds
on discrepancies described below significantly improves
performance compared to an LDS without a discrepancy
lower bound, so our experimental results only consider
IDA* in C-space with a nontrivial lower bound, and we
do not further consider LDS.




We are currently evaluating various variable ordering
and value ordering heuristics in both C-space and D-
space. In our experiments, we used a standard most-
constrained variable ordering and a simple, random value
ordering for all combinations of C-space, D-space, DF-
BNB, and IDA*. Results using different variable and
value ordering strategies are qualitatively similar.

Note that D-space can be seen as the subset of C-space
where all committed variables are assigned a value differ-
ent from the initial assignment. For example, given vari-
ables v1,v2 and initial assignment v; = 1, vy = 2, the as-
signment v; = 3,v2 = 2 is in D-space because v; is com-
mitted to a value that is different value than in the initial
assignment and v is uncommitted, but v; = 1,v9 =2 is
not in D-space because v; is committed to the same value
as in the initial assignment. Each node in D-space cor-
responds to a unique assignment of variables to values.

Despite the redundancy in C-space compared to D-
space, C-space has a much lower branching factor com-
pared to D-space, which can make pruning techniques
more effective and result in better performance.

Algorithm for the Min-Cost Load
Rebalancing Problem (LRP)

Our search algorithm for the LRP is the basic search al-
gorithms described above, enhanced with the following
new, domain-specific pruning techniques. A bin is over-
subscribed if the sum of the weights of the items assigned
to the bin exceeds its capacity.

A search node N is infeasible if there exists no descen-
dant of N that is a conflict-free state. Infeasible nodes
can be pruned. The wasted space of a bin B is amount of
space in the bin that can not be occupied by any uncom-
mitted item currently not assigned to B without making
B oversubscribed. For example, suppose we have a bin
B = (7) with capacity 10, and three remaining uncom-
mitted items 7, 4, and 2 (which are currently in other
bins). The wasted space of B is 1, because the minimal
amount of unused space that can be in B is 1, after mov-
ing and committing the 2 to B. The wasted space of a
bin assignment is the sum of the wasted space of each of
the individual bins.

Let Wyp = 37", ¢j— > wi, the difference between
total bin capacity and total item weights, be an upper
bound on the total amount of wasted space allowed. A
node in the search tree is infeasible if a lower bound on
the wasted space exceeds Wy p. Such a lower bound is
obtained by summing the lower bound on the wasted
space of each single bin, Z;nzl Wig(j). For each bin j,
Wrg(j) is computed by find the packing of bin j with
minimal wasted space, using all uncommitted items (this
is a relaxation because we allow uncommitted items to
be used by more than one bin). This is a subset sum
problem, which our current implementation solve using
a straightforward, branch-and-bound algorithm. The
remaining space in the bin after packing the optimal
subset-sum packing is a lower bound on the actual wasted
space of the bin.

We use the following lower bound (admissible heuris-
tic) for DFBNB and IDA*. A bin is oversubscribed if
the sum of the weights of the items assigned to the bin
exceeds its capacity. An oversubscription-based lower
bound LBp is computed as follows: For each oversub-
scribed bin B, sort the uncommitted items assigned
to the B in non-decreasing order of weight, and count
the number of items that must be removed from B
in this order until the bin occupancy no longer ex-
ceeds capacity. For example, given the bin assignment
{(5,6)(4,3)(10,1,2)} where bin capacity is 10, LBp =
3. This is because either the 5 or 6 must move from
the first bin, and the 1 and 2 must move from the third
bin (although the 10 is the largest number in the third
bin, it is committed so it is not considered for move-
ment by the LBo computation). Another lower bound,
LBy , is based on the bins that are undersubscribed. If
any bin has more free space than Wy, then some of
the remaining uncommitted items must move into the
bin to reduce the wasted space. A valid lower bound is
computed by adding (and counting) the largest remain-
ing uncommitted items until the free space no longer
exceeds Wyp. Since both LBo and LBy are inex-
pensive to compute, we use a combined lower bound,
LBou = maxz(LBy, LBy). We can not add LBy and
LBy because that may result in the double-counting of
the potential required moves.

LRP Experimental Results

We generated a set of solvable benchmarks as follows.
For each bin b;, 1 < j < m (all bins with a capacity of
100), items were randomly generated in the range [10,30]
and assigned to b; until the remaining space was under
10. At that point, one ’filler’ item was generated and
added to the bin such that the remaining space in b; was
between 0 and 2. Then all the items were removed from
the bins, shuffled and reassigned to the bins in a round-
robin manner. This results in an instance with some
overloaded bins, but it is guaranteed that the instance
has a feasible solution. The number of items in each in-
stance varies, but is approximately 5m. We tested each
of the four search algorithm configurations on 20 random
instances with m varying from 4 to 15, with a time limit
of 300 seconds per instance on a 2.4GHz Intel Core2 pro-
cessor. Results are shown in Table 1. The fail column
indicates the number of instances (out of 20) that were
not solved within the time limit. The t¢me and nodes
columns show average time spent and nodes generated
on the successful runs, excluding the failed runs.

As shown in Table 1, IDA* in C-space significantly
outperformed the other three algorithms. Both of the C-
space algorithms significantly outperformed the D-space
search algorithms, and in both search spaces, IDA* out-
performed DFBNB. Future work will present more de-
tailed results, including the effect of various variable and
value orderings, as well as additional bounds.
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Dspace_search(committed, uncommitted, depth, changes, symmetrySet)

...(termination checks, domain-specific infeasibility and lower-bound pruning applied)
newSymmetrySet = copy(symmetrySet) //initialize symmetry set for next level in tree
foreach v € order_vars(uncommitted\symmetrySet)

newSymmetrySet = newSymmetrySetUv //added v to symmetrySet for descendants and siblings
foreach val € sort_values(get_feasible_values(v)\oldVal)

result = Dspace_search(committedUv, uncommitted\v, depth+l, changes+1l, newSymmetrySet)
Cspace_search(committed, uncommitted, depth, changes)

...(termination checks, domain-specific infeasibility and lower-bound pruning applied)
foreach val € sort_values(get_feasible_values(v))

if val = oldVal then newChanges = changes else newChanges = changes+1
result = Cspace_search(committedUv, uncommitted\v, depth+1, newChanges)

Figure 1: Outline of Commitment-space (C-space) search and Difference-space (D-space) search for min-perturbation repair.
Most-constrained variable ordering and min-conflict value ordering are used. The sets of uncommitted and committed variables
are represented by the variables uncommitted and committed. Both C-space and D-space searches can use either a depth-first

branch-and-bound or iterative deepening A* strategy.

Commitment Space (C-space) Difference Space (D-space)
DFBNB IDA* DFBNB IDA*

m (# bins) | fail time nodes | fail time nodes | fail time nodes | fail time nodes
4 0 0.007 1230 0 0.002 149 0 28.516 3455195 0 0.009 839

5 0 0.083 14365 0 0.007 1082 0 32.832 3608220 0 0.112 9103.3

6 0| 1.091 188503 0 0.044 5072 7 | 29.868 | 37833329 0| 0.897 63796

8 0 | 51.011 | 8580060 0 1.132 110905 | 16 | 141.160 8569661 2 | 23.196 | 1326308

10 | 20 n/a n/a 0 8.010 690901 | 20 n/a n/a | 11 | 51.997 | 2448719

12 | 20 n/a n/a | 0| 58731 | 4911799 | 20 n/a n/a | 14 | 95.74 | 4446458

15 | 20 n/a n/a 7 | 140.660 | 10848252 | 20 n/a n/a | 20 n/a n/a

Table 1: Min-Cost Load Rebalancing Problem: DFBNB and IDA* in C-space and D-space. The fail column indicates # of
instances (out of 20) that were not solved within the time limit (300 seconds/instance). The time and nodes columns show
average time spent (seconds on 2.4GHz Intel Core2) and nodes generated on the successful runs, excluding the failed runs.

Algorithm for the Min-Cost Schedule
Repair Problem (SRP)

Our search algorithm for the SRP is based on the ba-
sic search algorithms in C-space and D-space described
above, where the following new, domain-specific lower
bound is applied. At each node, we compute a lower
bound for the SRP using the following relaxation: Con-
sider the problem of determining the minimal set of re-
quests to remowve from the schedule such that removing
these requests results in a conflict-free schedule (i.e., a
schedule where no time interval is oversubscribed). The
size of this minimal set is clearly a lower bound on the
SRP. This relaxation is solved using a straightforward
branch-and-bound algorithm.

During DFBNB and IDA* search, each time a variable
is assigned a value, forward checking is applied, and the
algorithm backtracks if an uncommitted variable ends
up with an empty domain as a result of this variable as-
signment. As with the LRP, we have experimented with
a number of other enhancements to detect infeasibility,

dominance, and symmetry for this problem, but these
were not used in the experiments nor described because
the cumulative improvement has not been significant so
far. For both the LRP and SRP, the pruning techniques
described were verified to be significantly better than
more obvious alternatives

SRP Experimental Results

To generate difficult but solvable instances, we gener-
ate an initial schedule that looks like a packed rectangle,
and then randomly perturb it. This way, the instance
has little slack, is guaranteed to be solvable, and is likely
to be difficult. Given a resource capacity R, a num-
ber of time intervals 7', minimum request duration d,,
and maximum request duration d,,q;, number of start
times s, and number of perturbations p, we generated
an instance as follows: (1) Initialize an integer ¢ = 0.
(2) Generate a request with duration d randomly chosen
from [dmin, dmaz], where the earliest start time is set to 4,
and the latest start time is i+ s. (3) increment ¢ = i+ d.
(4)Ifi < T, goto (1), else quit. After repeating (1)-(4) R
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Figure 2: Min-Cost Schedule Repair Problem: Effect of
varying number of perturbations in initial assignment

times, if we place all the requests at their earliest possible
start time, we will have a conflict-free schedule that looks
mostly like a fully packed rectangle of height R except
at the right edge, which may be jagged. If necessary, T
is increased to accommodate this packed schedule. This
initial schedule is perturbed by changing the start time
of p randomly selected requests to a random start time
from its domain. This results in a broken schedule with
oversubscribed intervals.

We compared C-space and D-space search using DF-
BNB and IDA*, using the problem generator described
above. First, we measured performance as the problem
size was scaled, holding other parameters constant. The
resource capacity R was varied between 2 and 8, and we
set 1=24, dpin = 4, dmae = 6, s=4, and p=15. This
generates instances with between 10 (when R = 2) to 40
(when R = 8), requests each with 4 possible start times.
The results (20 instances per configuration, 600 second
time limit per instance) are shown in Table 2.

It is possible that the relative performance depends on
the degree of perturbations applied to the initial perfect
packing by the problem generator (fewer perturbations
mean that solutions tend to be shallower on the search
tree, giving IDA* an advantage). To observe the effect
of p on the relative performance of DFBNB and IDA*
search strategies in C-space, we generated instances with
R=51=24, dpnin = 4, dner = 6, s=4, and varied
p between 2 and 24 (20 instances per parameter set).
Note that the number of requests generated given these
parameters is approximately 20-25, so p = 24 results
in all requests being assigned a random start time from
their domains. The results in Figure 2 show that IDA*
outperformed DFBNB for all values of p, but aside from
the trivial problems (p = 2), there is no clear relationship
between p and IDA* performance relative to DFBNB.

Related Work

The C-space and D-space search spaces described in this
paper were first considered by researchers in contexts

that did not require minimal perturbation. Minton et al.
(1992) describe a backtracking repair algorithm for con-
straint satisfaction problems, which they call “informed-
backtracking”. This is depth-first backtracking in C-
space, applied to a heuristically generated initial assign-
ment of values to variables. Their goal is to solve a new
constraint satisfaction problem from scratch, so there is
no mechanism for finding a minimal set of perturbations
from the initial assignment. Backtracking in D-space was
previously proposed for dynamic constraint satisfaction
by Verfaillie and Schiex (1994), and Ran, et al. (2002)
proposed IDA* in D-space for binary CSPs.

El Sakkout and Wallace (2000) considered a minimal
cost repair problem for an abstract scheduling problem.
A key difference from the MCRP is that they consider
difference functions that can be expressed linearly (the
MCRP difference count is not expressible in their model).
Also, their probe backtracking algorithm does not explic-
itly consider the initial schedule, and reschedules from
scratch. Bartak, Miiller, and Rudova have investigated
a Minimal Perturbation Problem (MPP) for overcon-
strained constraint satisfaction problems for which there
is likely to be no feasible solution without violated con-
straints (Bartdk, Miiller, & Rudové 2004). The objective
is to find a maximal assignment of consistent variables
which also differs minimally from an initial state. This
differs from the MCRP, which seeks a complete, conflict-
free variable assignment with minimal distance from an
initial assignment (in other words, their MPP is funda-
mentally a constraint optimization problem, while the
MCRP is fundamentally a constraint satisfaction prob-
lem). Miiller, Rudovd, and Barték also investigated an
iterative repair algorithm which is biased to find minimal
perturbation solutions for course timetabling (Miiller,
Rudovd, & Bartdk 2005). Because this is a local search
algorithm, the minimality of the perturbation from the
initial schedule is not guaranteed.

Thus, while previous work considered both C-space
and D-space searches, as well as iterative-deepening and
standard depth-first branch-and-bound search strategies,
the combination of iterative deepening and C-space has
not been previously considered in the literature, as far
as we are aware. See the section on MCRP search algo-
rithms for a discussion on the relationship between lim-
ited discrepancy search (Harvey & Ginsberg 1995) and
C-space IDA* search.

Conclusions

We investigated optimal search algorithms for the min-
cost repair problem, where the goal is to find solutions
to constraint satisfaction problems that differ as little as
possible from a given initial state. Our contributions are
as follows: We proposed two basic problems as models
for the min-cost repair problem: the min-cost load re-
balancing problem, a model of resource capacity alloca-
tion repair, and min-cost schedule repair problem, a basic
model of resource allocation repair with time windows.
We investigated two search spaces for the MCRP, com-
mitment space and difference space, and applied depth-



Commitment Space (C-space) Difference Space (D-space)
DFBNB IDA* DFBNB IDA*
R (capacity) | fail time nodes | fail time nodes | fail time nodes | fail time nodes
2 0| 0.002 90 0| 0.003 84 0| 0.650 | 18451 0 0.576 16355
3 0 0.018 370 0 0.008 166 4 | 49.339 | 803478 0 5.677 124090
4 0 0.528 9676 0 0.404 7677 8 | 26.116 | 580920 1 85.889 | 1331199
6 2 | 23.524 | 101057 0 | 14.706 46969 | 20 n/a n/a 9 | 104.788 | 1010714
8 5 | 39.880 | 102149 0 | 75.586 | 314058 | 20 n/a n/a | 14 | 266.545 | 2800607

Table 2: Min-Cost Schedule Repair Problem: The fail column indicates the number of instances (out of 20) that were not
solved within the time limit (600 seconds/instance). The time and nodes columns show average time spent (seconds on 2.4GHz
Intel Core2) and nodes generated on the successful runs, excluding the failed runs.

first branch-and-bound and IDA* search in both search
spaces. In addition, we developed domain-specific prun-
ing techniques for the LRP and SRP. Our preliminary
experimental results show that C-space search is signif-
icantly more efficient than D-space search, and that the
new combination of C-space with IDA* result in the best
performance on the LRP and SRP. While we focused on
algorithms for finding optimal solutions, non-optimal al-
gorithms (e.g., weighted IDA*, local search) are an area
for future work.

While most scheduling research focuses on generating
solutions from scratch, we believe that the MCRP is an
important model in many practical scenarios, and there
is much work to be done in this area. Future work in-
cludes extending this work to more complex problems
(e.g., min-cost repair in scheduling problems with or-
dering constraints), as well as investigating additional
metrics for differences relative to the initial assignment,
for example, adding weights to requests to model the
fact some parts of the schedule are more “expensive” to
modify than others.
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