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ABSTRACT

Numerous problems in software coordination, operations research,
manufacturing control and others can be transformed in constraint
optimization problems (COPs). Moreover, most practical problems
change constantly, requiring algorithms that can handle dynamic
problems.

In this paper we present the dynamic constraint optimization ant
algorithm (DynCOAA) that can solve dynamic COPs. DynCOAA
is specifically designed for dynamic problems, as it is based upon
the ant colony optimization (ACO) meta-heuristic that has already
proven its merit in other dynamic optimization problems. Dyn-
COAA is a distributed algorithm that is suited for a one-on-one
mapping between variables and hosts, but it can effectively accom-
modate multiple variables per host. We compared our algorithm to
two existing algorithms for dynamic constraint optimization: Dy-
nAWC and DynDBA. We find that DynCOAA outperforms Dy-
nAWC and DynDBA on some problems, while remaining compet-
itive on others.
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1. INTRODUCTION

Numerous problems in software coordination, operations re-
search, manufacturing control and others can be transformed in
constraint satisfaction and constraint optimization problems (CSPs
and COPs). In many practical applications there is not one static
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CSP or COP that has to be solved: practical problems change of-
ten. Changes can happen either because additional information is
added to the model, or because of a changing nature in the prob-
lem that one tries to solve. An example of a changing problem is
a GPS navigation system that has to recalculate the route when the
car does not follow the proposed route.

When solving a changed version of a CSP or COP, the changed
problem is often similar to the old problem: it only differs in a few
constraints or variables. While it is possible that a small change in
the problem creates a big change in the optimal solution, in most
practical cases the optimal solutions of such similar problems do
not differ a lot. E.g. in the GPS system when a car goes forward
instead of turning left, the initial positions are almost the same
and it may suffice to take the next left turn. Changing problems
are called dynamic constraint satisfaction/optimization problems
(DynCSP/DynCOP).

In this paper, we present a new distributed algorithm for con-
straint optimization that is specifically designed for dynamic prob-
lems. It is based upon the ant colony optimization (ACO) meta-
heuristic [1]. In ACO, the environment of the multi-agent system
represents the problem that has to be solved and the agents use this
environment to give feedback to one another. This makes ACO-
based algorithms naturally suited for dynamic problem solving, as
changes in the problem are reflected automatically in the environ-
ment of the agents. In spite of this inherent suitability for dynamic
problem solving, to this date and to the best of our knowledge, the
dynamic constraint optimization ant algorithm (DynCOAA) that
we present in this paper is the first distributed algorithm for dy-
namic constraint satisfaction or dynamic constraint optimization
that uses the ACO meta-heuristic.

We compare DynCOAA to two other algorithms: the complete
algorithm DynAWC [6] and the non-complete algorithm DynDBA
[3]. We use two different cases for evaluating the algorithms. When
the three algorithms are used to solve artificial graph coloring prob-
lems, DynDBA turns out to be the most effective algorithm. But
when a real-world problem — scheduling ships that transport liqui-
fied natural gas — is tested, our DynCOAA clearly beats the other
two algorithms.

In the following section we present our dynamic constraint op-
timization ant algorithm (DynCOAA) and the algorithms we use
for comparison. Section 3 describes the tests we performed and the
results we found. Section 4 concludes this paper with an overview
of our findings and some pointers for future work.

2. ALGORITHMS

In this section we present the dynamic constraint optimization
ant algorithm (DynCOAA). The construction of the graph struc-
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ture and the behavior of the agents for a static problem are de-
scribed in [4, 5]. When adding or removing variables or values
in a dynamic problem, the corresponding nodes and edges have
to be added or removed on the appropriate hosts. When adding
or removing constraints, references to those constraints must be
registered or deregistered with the appropriate nodes. While it is
possible to leave all existing pheromone trails unchanged and only
to initialize new edges with the default pheromone quantity, bet-
ter results can be achieved with dynamic ACO algorithms when all
pheromone quantities are equalized to a certain degree. We use the
Restart-Strategy that they describe in their paper, using a Ar value
of 0.5, which gave the best results in their experiments. This means
that all pheromone quantities are set to the average of the previous
pheromone quantity and the default pheromone quantity.

The first algorithm we compare DynCOAA to is DynBDA. This
is a non-complete algorithm, based on the Distributed Breakout Al-
gorithm (DBA) and first introduced by [3]. DynDBA is said to be
a good algorithm for fast-changing dynamic problems.

The second algorithm we use is DynAWC. This is a complete al-
gorithm that uses nogood recording [6]. The processing of nogoods
allows it to reuse information that was found in a previous search
after a modification to the problem was made.

3. EXPERIMENTAL RESULTS

In this section we discuss the results of the tests we have done
to compare DynCOAA with DynAWC and DynDBA. The three
algorithms were implemented in C++, using the same constraint
processing engine. We compare the algorithms for two different
categories of problems. The first category of problems, discussed
in Sect. 3.1, is artificial graph coloring problems. In Sect. 3.2 we
discuss the results of a real-world problem, in which a schedule for
a number of ships that transport liquified gas must be assembled.
Section 3.3 gives an interpretation of the obtained results.

3.1 Graph Coloring Tests

For our first series of tests, we use the same problems as can
be found in [3], i.e. graph coloring problems with 30 variables,
which require a coloring with 3 colors. Graph densities varied over
{2.0;2.3;2.5}. These densities represent the three different phases
of the phase transition for random 3-coloring graphs (respectively
mostly satisfiable; within the transition; and mostly unsatisfiable).
The number of changes between successive problems, indicated by
0, varied over {2;4;6; 8; 12}, where 6 changes means that 3 con-
straints were removed from the problem and 3 constraints added to
the problem, so that the overall density remained unchanged. For
each combination of graph density and change rate ¢, 20 problems
were constructed, each consisting of an initial COP and 100 suc-
cessive COPs.

As proposed in the future work section of [3], we measured the
real-time performance of the algorithms: for each successive COP,
the algorithms could calculate during 2 seconds. The best solution
at each moment in time was stored. This form of measurement
provides a more realistic indication of the performance than can be
obtained through cycle-based tests.

Table 1 gives an overview of the results of the three algorithms.
The table includes the average time (in seconds) that passed before
all 20 problems found the first solution, the average cost of that first
solution and the average cost of the best solution that was found
after 2 seconds.

When looking at the table, an interesting observation can be
made. DynCOAA needs about 5 times longer to calculate its first
solution than is necessary for DynDBA and DynAWC. This is due
to the fact that DynCOAA uses a swarm of 5 agents, who all need
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Figure 1: Anytime curves for DynCOAA (solid line) and Dy-
nAWC (dashed line) when assembling a schedule for ships.
DynDBA was unable to find any solution.

about the same amount of time. But when we look at the final
solution of DynCOAA and DynAWC during changes, DynCOAA
clearly beats DynAWC, even though it takes about 5 times longer
to find its first solution. The result of DynDBA remains better the
that of DynCOAA.

As a conclusion, we can say that for these dynamic graph color-
ing problems, DynDBA is the best algorithm, closely followed by
DynCOAA.

3.2 Real-World Ship Scheduling Tests

For our second series of tests, we decided to use a real-world
problem instead of an artificial problem. This real-world problem
is to assemble a schedule for transport ships. The ships transport
liquified natural gas from different ports around the world to one
destination port. Using data provided by Tractebel Engineering [2],
the algorithms had to calculate a schedule for 7 ships, for a period
of three months.

After a decent schedule had been found, we simulated a storm:
one of the ships got delayed for three days. The algorithms had
to recalculate the schedule, incorporating the delay. The goal was
twofold: to obtain a good schedule, but also to leave the individ-
ual schedules for the 6 ships that did not get stuck in the storm as
unchanged as possible.

This problem is quite complicated: the original scheduling prob-
lem is made up of a total of 69 variables and 101 constraints. The
variable domains contain up to 200 possible values. 76 constraints
are hard constraints (those have to be obeyed in each valid solu-
tion: it are constraints with a weight of infinity) and 25 are soft
constraints, used for optimizing the cost function. 57 of the hard
constraints are binary constraints. All other hard constraints in-
volve at least 19 variables. The soft constraints even involve all
variables. A solution with a cost of 1000 means that the local trans-
port rate in the destination port has to deviate from the optimal rate
during a total of one day (in smaller intervals distributed over the
three months). At a cost of 2000, it has to deviate during a total of
2 days, etc.

Each of the three algorithms made 20 schedules. For the orig-
inal schedule as well as for the storm-adaptation, 10 minutes of
calculation were allowed. The parameters that were used for the
DynCOAA are the same as described in Sect. 3.1, except for the
swarm size, which was increased to 30. The anytime curves for
this problem are shown in Fig. 1.

The first thing to notice is that DynDBA is missing from Fig. 1.
During the 10 minutes of calculation time, none of the 20 runs
were able to find any valid schedule (one that satisfies all hard con-
straints). The most probable reason for this is that a number of
the constraints are global constraints, making it very hard for a lo-
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DynCOAA DynAWC DynDBA
Density | 6 | First Solution | Best Solution | First Solution | Best Solution | First Solution | Best Solution

Time | Cost Cost Time | Cost Cost Time | Cost Cost

2 | 013 | 3.99 2.42 0.053 | 19.24 8.48 0.034 | 1.90 1.40

4 | 013 | 485 3.00 0.044 | 19.86 9.29 0.034 | 2.65 1.87

2.0 6 | 0.14 | 547 3.37 0.044 | 20.70 9.84 0.032 | 3.35 2.23
8 | 0.13 | 6.27 4.02 0.039 | 21.05 9.71 0.034 | 3.69 2.25

12| 0.13 | 7.35 4.79 0.054 | 22.08 10.61 0.034 | 4.51 2.48

2 | 013 | 543 3.67 0.055 | 22.65 12.23 0.025 | 3.07 2.60

4 | 014 | 621 4.25 0.056 | 23.36 12.20 0.028 | 3.61 2.84

2.3 6 | 0.14 | 6.73 5.49 0.060 | 24.09 12.89 0.026 | 4.33 3.23
8 | 013 | 751 5.05 0.049 | 24.62 13.29 0.025 | 4.77 3.37

12 | 0.13 | 8.90 6.18 0.047 | 25.42 13.64 0.027 | 5.60 3.59

2 | 013 | 6.42 4.53 0.057 | 25.76 14.70 0.018 | 4.07 3.59

4 | 015 | 743 5.26 0.058 | 26.13 15.06 0.028 | 4.88 4.09

2.5 6 | 0.17 | 8.14 5.87 0.057 | 26.85 15.63 0.027 | 5.45 4.33
8 | 0.14 | 871 6.21 0.043 | 27.50 15.76 0.036 | 5.87 4.46

12 | 0.14 | 10.01 7.25 0.057 | 28.79 16.59 0.028 | 6.70 4.70

Table 1: Results of testing DynCOAA, DynAWC and DynDBA on 30-node, dynamic 3-coloring problems. Averages over 20 problem

instances per Density-0 combination. Time is expressed in seconds.

cal search algorithm to find a solution. Because no initial schedule
was found, DynDBA could not even begin to search for a solution
after the change.

The two algorithms that did find a valid solution did so in all 20
runs. But the behaviors of DynCOAA and DynAWC were com-
pletely different for the original and the changed problem. For the
original schedule, it took both algorithms about 1 minute to find a
first solution for all 20 runs. The average solution of DynCOAA
was twice as good as the average solution of DynAWC at that time.
The average solution of DynAWC quickly became better and after
10 minutes DynAWC had found an almost perfect solution in all 20
runs, while DynCOAA still had a cost of about 550.

As for the schedule after the storm, it took DynCOAA less than
10 seconds to find a valid schedule in all 20 runs. Even more, the
first average solution was almost as good or even better than the
last average solution before the storm. DynCOAA could further
improve this first schedule to end at an average cost of about 300
after 10 minutes of calculation. DynAWC on the other hand took
almost 100 seconds to find a first solution in all 20 runs. The first
average solution had a cost of about 5000. In the remaining time,
the solution could be improved to less than 2000, but this still was
a lot higher than the average solution of DynCOAA.

One of the reasons of the slower response rate of DynAWC is the
preprocessing of the nogoods. After 10 minutes of calculation for
the initial schedule, more than 10.000 nogoods had been accumu-
lated. It took DynAWC about 10 seconds to filter out the nogoods
that had become invalid after the change. By that time, DynCOAA
had already found a new solution.

3.3 Evaluation

The results of DynDBA are the most dissimilar when we look
at the behavior over the two different categories of tests. For the
artificial graph coloring problems, it was the clear winner of the
three algorithms. For the real-world ship scheduling problems, it
could not find any solution.

DynCOAA and DynAWC on the other hand behave rather simi-
lar for the two different categories of problems. For the first, static
problem, DynAWC is a better choice. But when the static problem
becomes a dynamic problem by changing some constraints, Dyn-
COAA reacts faster to those changes and finds a better solution.

4. CONCLUSIONS AND FUTURE WORK

In this paper we presented DynCOAA. It is based on the ACO
meta-heuristic and designed from the start for solving dynamic con-
straint optimization problems (DynCOPs). We compared this algo-
rithm against two other algorithms in two different categories of
problems: artificial graph coloring problems and real-world ship
scheduling problems.

There are two important conclusions that can be drawn from this
comparison: (1) DynCOAA is suited for solving DynCOPs, as it
beats DynAWC in all two and DynDBA in one of the two categories
of problems, and (2) Choosing the right algorithm for a specific
problem is very important, because the performance of algorithms
can depend greatly on the type of problem.

This work has been funded by the Institute for the Promotion
of Innovation through Science and Technology in Flanders (IWT-
Vlaanderen)
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