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Abstract. Since its introduction the Ant Colony Optimization (ACO)
meta-heuristic has been successfully applied to a wide range of combina-
torial problems. This paper presents the adaptation of ACO to a new NP-
hard problem involving the replication of multi-quality database-driven
web applications (DAs) by a large application service provider (ASP).
The ASP must assign DA replicas to its network of heterogeneous servers
so that user demand is satisfied at the desired quality level and replica
update loads are minimized. Our ACO algorithm, AntDA, for solving the
ASP’s replication problem is novel in several respects: ants traverse a bi-
partite graph in both directions as they construct solutions, pheromone
is used for traversing from one side of the bipartite graph to the other
and back again, heuristic edge values change as ants construct solutions,
and ants may sometimes produce infeasible solutions. Testing shows that
the best results are achieved by using pheromone and heuristics to tra-
verse the bipartite graph in both directions. Additionally, experiments
show that AntDA outperforms several other solution methods.

1 Introduction

Ant Colony Optimization (ACO) is a meta-heuristic based on the natural be-
havior of real ants and their ability to efficiently solve minimization problems
using just a few simple rules. In ACO, ant agents traverse a graph’s edges (can
be directed or undirected) as they link the graph’s vertices together to construct
a solution. After finding a solution, some subset of the ants deposits pheromone
on the edges used in its solution in proportion to the solution’s quality. That
is, edges critical to the best solutions receive more pheromone than other edges.
Pheromone evaporation makes edges less attractive over time and, hence, acts
to weed out undesirable solutions. To move from one vertex to another when
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solving, each ant computes a value for outgoing edges by combining the edge’s
pheromone concentration and heuristic desirability. The ant randomly selects an
outgoing edge to traverse with higher-valued edges selected more often. Making
random decisions using both pheromone (representing past good solutions) and
heuristics (which guides ants in the absence of pheromone) encourages the ex-
ploration of solutions in the neighborhood of known good solutions and allows
for enough variability that distant solutions are unlikely to go unnoticed. The
book [2] contains an excellent overview of the ACO meta-heuristic.

Structurally, ACO algorithms usually consist of a doubly-nested loop. The
outer loop controls the number of trials executed. A trial represents a separate
solving of the problem. The inner loop governs the time steps in each trial. During
a time step each ant traverses the graph and constructs a solution, ants deposit
pheromone on the graph’s edges, and pheromone evaporates. The updated graph
is then used as the basis for the next time step. Being a stochastic process, ACO
requires multiple trials each consisting of many time steps.

ACO algorithms have been implemented for many NP-complete combinato-
rial problems such as traveling salesman [10, 11], job-shop scheduling [5], graph
coloring [6, 8], sequential ordering [13], and multidimensional knapsack [1, 14].
Many of the ACO algorithms cited above produce solutions that compare favor-
ably with the best known algorithms for solving the aforementioned problems.

In this paper, ACO is adapted to solve a new NP-hard assignment prob-
lem involving the replication of multi-quality database-driven web applications
(DAs) by a large application service provider (ASP). In the NP-hard DA Repli-
cation Problem (DArep) the ASP must assign DA replicas to its network of
heterogeneous servers so that user demand is satisfied at the desired quality
level and replica update loads are minimized [17]. DArep is similar to several
multi-commodity facility location problems [18, 19] and multidimensional knap-
sack problems [9, 20]. Though algorithms for solving these similar problems have
been proposed, they cannot be directly applied to DArep. Inspired by the success
of multidimensional knapsack ACO algorithms [1, 14] and other ACO algorithms
for solving problems similar to DArep [7, 12, 16, 21], we have implemented an
ACO-style algorithm called AntDA that has several novel or rarely seen features.

– Ants traverse a bipartite graph consisting of a set vertices representing the
DAs (things to be assigned) and a set of vertices representing the servers
(where things can be assigned). Ants move back-and-forth between the two
sets of vertices along directed edges as they construct solutions. Other ACO
algorithms for solving assignment problems of a bipartite nature use either a
bipartite graph in which ants travel in only one direction (e.g., [12, 14, 16] or
transform the problem so that vertices represent potential assignments (fully
enumerate the solutions space) and are all of the same type (e.g., [8, 21]).

– Pheromone on DA-to-server edges and server-to-DA edges is used for travers-
ing the graph in both directions. Although not the first to use pheromone for
dual purposes [2, 8], AntDA is one of the few that do. Moreover, experiments
show that pheromone in both directions produces the best solutions in terms
of both update load (cost) and convergence rates.



– In DArep ants may produce infeasible solutions. Since infeasible solutions
may be examined on the way to feasible solutions, ants with infeasible so-
lutions can deposit pheromone. Unlike [16] where infeasible solutions pay
a constant penalty in terms of pheromone deposited, AntDA ants pay a
penalty proportional to their infeasibility.

– Heuristic values of the edge selection equations change as the ants construct
their solutions. Other ACO algorithms with non-constant heuristic values
include [1, 14].

The rest of this paper is organized as follows. Section 2 introduces and for-
malizes DArep. Section 3 presents the AntDA algorithm and the Server-Filling
local optimization heuristic. Experimental results of AntDA’s performance and
the impact of bi-directional bipartite pheromone and the Server-Filling heuristic
are given in Section 4.

2 The DA Replication Problem

An Application Service Provider (ASP) (e.g., Akamai or ASP-One) is a company
that specializes in hosting web applications on behalf of clients. Database-driven
web applications (DAs) are a particular kind of web application hosted by an
ASP in which responses to user requests are built, in part at least, by query-
ing a database. The database allows the DA to customize responses based on
user input and enables the DA’s content to change dynamically. Some DAs can
provide multiple freshness/quality levels of service in order to meet the needs of
different types of users [3, 4]. For example, consider an on-line brokerage where
users have been grouped into two categories: high-quality and low-quality. High-
quality users expect very fresh (timely) quotes. Low-quality users, on the other
hand, are pleased with the default or moderately-fresh content. Note that low-
quality users can be satisfied by high-quality results, but the reverse is not true.

In order to furnish each DA with enough processing capacity to meet demand,
an ASP replicates the DAs on its network of servers. For a DA replica to function,
the replica’s local database needs to be updated with fresh content and/or kept
synchronized. The load on a server hosting a DA replica has two components: (1)
the request load incurred by responding to user requests and (2) the update
load stemming from database changes. To simplify real DA behavior, request
complexity is assumed to be independent of quality level. Thus the request load
for each quality offered by a DA is solely dependent on the number of requests
received. However, since database freshness determines a replica’s quality level,
higher quality levels require more frequent database updates. Thus, for a given
DA, update loads increase with quality level.

The ASP must establish replicas so that demand for each quality of each DA
is met and update burdens (costs) are minimized. Obviously, the ASP cannot
allow any server to become overloaded. That is, the sum of the request loads
and update loads of the replicas hosted by a server cannot exceed the server’s
capacity. We have chosen the sum of all replica update loads, system update



The Database-driven Application Replication Problem

Definitions: The ASP has m servers, S = {1, . . . , m}. Each server s ∈ S has a
processing capacity denoted by Cs. The ASP has n customer-provided DAs to be
hosted, D = {1, . . . , n}, on its m servers. Each d ∈ D operates at one or more
service quality levels, Qd = {1, . . . , q, . . . , qmax(d)}, where qmax(d) is the highest
level offered by DA d. The request load for DA d, RLd, is the sum of the request
loads, denoted by rld, for each of its quality levels: RLd =

P
q∈Qd

rld,q. For each
service quality of a DA d there is a certain update load required to maintain that
service quality: ULd = {uld,1, . . . , uld,q, . . . , uld,qmax(d)}. Let xs,d,q ∈ {0, 1} be a
binary variable that indicates that server s is hosting a replica of a certain 〈d, q〉
pair where “〈d, q〉 pair” is shorthand for “quality q of DA d.” Let λs,d,q ∈ [0, 1]
denote the fraction of the request load of a 〈d, q〉 pair, rld,q, assigned to server s.
The update load experienced by server s depends on the quality level of the DA
replicas it hosts:

uls =
X
d∈D

X
q∈Qd

xs,d,q · uld,q. (1)

Server s’s request load is the fraction of each 〈d, q〉 pair’s request load sent to it:

rls =
X
d∈D

X
q∈Qd

λs,d,q · rld,q. (2)

Objective and Constraints: The ASP seeks an assignment of DA replicas to
servers that minimizes the system-wide update burden, UB, and is subject to four
constraints.

min UB = min
X
s∈S

X
d∈D

X
q∈Qd

uld,q · xs,d,q (3)

1. Request load for each quality of each DA is satisfied:
P

q∈Qd

P
s∈S λs,d,q = 1.

2. Only one quality level of a DA is hosted by a server:
P

q∈Qd
xs,d,q ≤ 1.

3. A server’s processing capacity cannot be exceeded: uls + rls ≤ Cs.
4. Requests processed by a replica must meet or exceed the request’s quality ex-

pectation, qr:
P

qs|qs,qr∈Qd∧qs≥qs
xs,d,qs ≥ λs,d,qr .

Fig. 1. DArep formalized as an integer linear program.

burden, as the cost for an ASP to minimize as it also indirectly minimizes num-
ber of replicas and network bandwidth. The ASP’s replication problem is called
the DA Replication Problem (DArep). DArep is formalized as an integer
linear program (ILP) in Fig. 1.

3 AntDA: An ACO Algorithm for DArep

In AntDA, ants operate on a bipartite graph representing an instance of DArep
(Fig. 2). The graph, G = (V,E), consists of a set of vertices, V , and edges
connecting vertices, E. The vertices are divided into two groups, DQ and S,
such that V = DQ ∪ S and DQ ∩ S = ∅. Each vertex in DQ represents a 〈d, q〉



S vertices (servers)

DQ vertices (<d,q> pairs)

s: 1 s: 2 s: 3 s: m

d: 1
q: 1

d: n
q: -

d: 2
q: 2

d: 2
q: 1

Fig. 2. The bipartite problem graph used by AntDA. Although all 〈d, q〉 pairs are
connected to servers via directional edges and vice-versa, single non-directional edges
are shown here for simplicity.

pair. The vertices in S represent the servers. Each dq ∈ DQ is connected to
every s ∈ S by a directed edge (dq, s). Similarly each s ∈ S is connected to
every dq ∈ DQ by a directed edge (s, dq). Even though each edge (dq, s) has a
reverse edge (s, dq), undirected edges are not used since pheromone is interpreted
differently on edges of type (dq, s) versus edges of type (s, dq).

Ants construct solutions by moving back and forth between vertices in DQ
(〈d, q〉 pairs) and vertices in S (servers) assigning dq request load and creating
a replica or adjusting the service quality of an existing replica on the server
chosen for assignment. Ants work independently (maintain their own solution
spaces) but share the same graph. An ant works on a solution until either server
capacity is exhausted or all request load has been assigned to the servers. Once
the ants have solved, they deposit pheromone on the shared graph, pheromone
evaporation takes place, and then the next time step begins. Ants are placed at
a random server vertex at the beginning of each time step.

3.1 Transitioning From 〈d, q〉 pairs to Servers.

When at vertex dq, ant k must find a server to which the 〈d, q〉 pair represented
by dq will create a replica and assign load. Let Sk

dq be the set of servers (ver-
tices) upon which request load of the 〈d, q〉 pair represented by vertex dq can
be assigned. Let rem(Cs) represent the unused (remaining) capacity of server s.
Server s is available for assignment if the net change in update load on s caused
by its hosting DA d at quality q is less than rem(Cs) (i.e., s will be able to
handle request load for the 〈d, q〉 pair). This is the server hosting condition.

The probability that ant k selects edge (dq, s) is

pk
dq,s

(t) =


[τdq,s(t)]α·[ηdq,s]βP

s∈Sk
dq

[τdq,s(t)]α·[ηdq,s]β
, when s ∈ Sk

dq

0, when s /∈ Sk
dq.

(4)



τdq,s(t) is the pheromone concentration on (dq, s) at time step t. α and β are
constants governing the relative importance of pheromone to the heuristic de-
sirability, ηdq,s, of traveling along edge (dq, s):

ηdq,s =
rem(Cs)∑

s∈Sk
dq

rem(Cs)
(5)

where rem(rld,q) is the amount of request load for 〈d, q〉 pair yet to be assigned
to a server. The heuristic is based on the idea that greedily selecting the largest
server should reduce the number of replicas created and, thus, update burden
produced. Note that ηdq,s values change as servers are assigned.

After selecting edge (dq, s) the ant moves from vertex dq to vertex s. Once at s
the ant creates a replica for the 〈d, q〉 pair and assigns as much remaining request
load of the 〈d, q〉 pair, rem(rld,q), to s as possible. If a replica of DA d already
exists on s, then the ant adjusts the quality level of the replica if needed (increases
the update load of the replica). The server’s remaining capacity, rem(Cs), is
decreased based on the amount of update load and request load assigned.

After creating a replica of DA d at quality level q on server s, the ant invokes
following two-step Server-Filling (SF) heuristic.

1. SF first tries to avoid the creation of extra replicas of d by finding other
qualities of d that will completely fit on s. More specifically, SF looks for
another quality r ∈ Qd such that all of rem(rld,r) can be assigned to s. Note
that update load differences have to be accounted for since it may be that
r > q and hence uld,r > uld,q. SF assigns the highest r found, repeating with
additional qualities of d if possible. Let y be the highest quality of d assigned
to s at the end of this step.

2. If s still has spare capacity after step 1, SF looks for the highest quality y of
d such that u < y and assigns as much request load of quality u as possible
to the replica.

The SF heuristic is an optional, but beneficial, part of AntDA; in experiments
SF reduced update burden by over 4% on average ( Section 4).

3.2 Moving From Servers to 〈d, q〉 pairs

An ant at vertex s must decide which 〈d, q〉 pair should be assigned next. Let
DQk

s be the set of dq vertices which are still capable of being assigned to servers.
A 〈d, q〉 pair can be assigned if:

1. it has some amount of unassigned request load (rem(rld,q) > 0), and
2. there is at least one server s ∈ S for which the server hosting condition (see

previous page) is satisfied with respect to the 〈d, q〉 pair.



If DQk
s = ∅, the algorithm terminates. Otherwise, the probability that ant k

selects edge (s, dq) is given by:

pk
s,dq

(t) =


[τs,dq(t)]α·[ηs,dq ]βP

s∈DQk
s

[τs,dq(t)]α·[ηs,dq ]β
, when dq ∈ DQk

s

0, when dq /∈ DQk
s .

(6)

τs,dq(t) is the pheromone concentration on (s, dq). α and β again control the
relative importance of pheromone and heuristic desirability, in this case ηs,dq:

ηs,dq =
uld,q · rem(rld,q)∑

dq∈DQk
s

uldq · rem(rld,q)
. (7)

Dividing uld,q · rem(rld,q) by a server’s remaining capacity, rem(Cs), estimates
the update burden incurred by creating replicas on servers of size rem(Cs). Eq.
(7) is an appropriate heuristic since it prefers 〈d, q〉 pairs most likely to produce
high update burdens (no matter which servers are used). Note that ηs,dq values
change as the ant constructs its solution.

After making its selection, the ant traverses the edge to the selected 〈d, q〉
pair and then transitions back to a server node (Section 3.1).

3.3 Pheromone Update Rule

When each ant has constructed a solution to DArep it is time to deposit pheromone
on the shared graph. By finding a solution, an ant has essentially assigned values
for the xs,d,q and λs,d,q variables described in the formal version of the problem
shown in Fig. 1.

Since better solutions have lower update burdens, the amount of pheromone
deposited by ants should be inversely proportional to a solution’s update burden.
However, low update burdens are not always better – some ants’ solutions may
be infeasible (i.e., they do not assign all request load). Differentiating between
feasible and infeasible solutions when deciding how much pheromone to deposit
on the edges used in an ants solution is easily handled. Let UBk(t) be the update
burden of ant k’s solution after time step t as computed by (3). We adjust UBk(t)
to account for infeasible assignments as follows:

UB′
k(t) =

UBk(t)(
RLk(t)

RL

)ω (8)

where RLk(t) is the amount of request load assigned by ant k in time step t
and ω is a constant that determines the magnitude of the penalty paid for not
assigning all request load. Eq. (8) increases the update load of an infeasible
assignment based on how much request load was satisfied raised by ω.

Once UB′
k(t) has been determined, it is used to calculate the amount of new

pheromone ant k will deposit. We allow the ants with the m best solutions to



Table 1. Parameter and condition values for AntDA experiments.

α = 1 β = 8

ρ = 0.8 ω = 4

γ = 1 # Ants = |DQ| + |S|
Initial Edge Pheromone = 0.1 m = b# Ants · 0.1c

deposit pheromone after each time step. More specifically, if edge e was used in
the ith best solution and i ≤ m, then the amount of pheromone deposited on e
by the ant that produced the ith best solution is

∆i
e(t) =

γ

UL′
i(t)

(9)

where γ is a constant. We set γ = 1 during our experiments as we found it had
little, if any, impact on performance. If an edge e was not used by ant i, then
∆i

e(t) = 0.
Let ∆τe(t) =

∑m
i=1 ∆i

e(t) be the amount of new pheromone to be deposited
on edge e because of the m solutions chosen. The amount of pheromone on the
edges in graph G is then updated as is typically done in ACO [2]:

τe(t + 1)← (1− ρ) · τe(t) + ρ ·∆τe(t) (10)

4 AntDA Validation

This section presents the results of experiments that compare AntDA with other
solution methods, reveal the importance of the Server-Filling (SF) optimization
heuristic, and the importance of pheromone and heuristics on ants traversing
the bipartite graph.

Experimental Configuration. Unless otherwise noted, AntDA was run with
the parameter values and conditions shown in Table 1. The values and conditions
were determined through trial and error. For the most part, AntDA was fairly
insensitive to the values shown in Table 1 (changing any particular value had
only minor effects). The one parameter that had a major impact was the number,
m, of ants that deposit pheromone at the end of each time step (Section 3.3). We
found that setting m to be the top 10% of the number of ants cut the convergence
rate by as much as six times without affecting update burdens. Test cases were
subjected to fifty trials of 400 time steps each.

Results for performance comparisons were obtained by using a random as-
signment algorithm, Random, a greedy algorithm, Greedy, and the LINGO ILP
solver [15]. Random randomly picks a 〈d, q〉 pair with non-zero remaining request
load and assigns it to a random server capable of hosting it. Random reports the
best solution found out of 1000 trials. The Greedy algorithm makes assignments
by choosing the 〈d, q〉 pair with the highest predicted update burden. This is the
same as computing the numerator of Eq. 7 for each 〈d, q〉 pair still capable of
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Fig. 3. AntDA performance compared to other solution methods.

being assigned to some server. The 〈d, q〉 pair selected is then assigned to the
server with the most remaining capacity. The Greedy algorithm also executes
the Server-Filling optimization heuristic. Both Random and Greedy algorithms
stop once all request load has been assigned or when no more request load can be
assigned to any server. LINGO solves DArep using the ILP formulation of Fig. 1.
Although ILP solvers such as LINGO are the only known method besides com-
plete enumeration that can find guaranteed optimal solutions, execution times
can be prohibitive. Therefore, we allotted four hours for LINGO to work on prob-
lems. This was sufficient time for LINGO to produce feasible, but not optimal,
solutions and provides a notion of DArep’s complexity.

Due to space limitations, experimental results are shown for just five test
cases (hypothetical DArep instances) involving five DAs of three quality levels
each.3 The update load for quality levels 1, 2, and 3 were randomly generated
within the bounds of [5, 14], [16, 25], and [27, 36], respectively. The update loads
for quality three make it impossible to assign request load to the smallest of the
servers. The number of nodes in the test cases were either 70 or 75. Request
load increased in conjunction with quality level and was randomly generated
in the ranges of [34, 100], [133, 200], [233, 300], respectively. Once the DAs were
generated, servers were added to complete each test case. Servers were added in
sets of five servers having sizes {25, 50, 75, 100, 125} until the Greedy algorithm
produced feasible solutions.

3 Although we have a suite of over 70 test cases with equal or fewer quality levels per
DA and varying update loads and request loads per quality level, we display the test
cases that proved to be the most difficult to solve. Results for the other test cases
are similar to those shown here.
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Fig. 4. Effect of Server-Filling heuristic on AntDA performance.

Results and Analyses. Figure 3 shows the performance of AntDA and the
other solution methods for the five test cases. Clearly AntDA produces better
solutions than the three other methods. Although it produces the lowest update
burdens, AntDA has higher solution times than the other methods. The Greedy
can produce a solution in millisecond, the Random algorithm needed about 1.5
minutes, ILP was cut off after 4 hours, and AntDAtook just under four hours to
complete a test case. However, AntDAfound its best solution by the 18th time
step on average with a standard deviation of 10.17. Using the rule-of-thumb that
95% of values fall within two standard deviations of their mean, this means that
AntDA will find its best answer within 50 time steps (18 + (2 · 10.17) ≤ 50) 95%
of the time for the five test cases. Reducing the number of time steps brings
AntDA down to a half hour per test case (about 30 seconds per trial).

The next set of results show the impact of the Server-Filling (SF) optimiza-
tion heuristic. Fig. 4 shows the minimum update burdens produced by AntDA
with and without SF. Using SF reduced the update burden by an average of 35.6
points which translates to a 4.28% reduction on average.

The use of a bipartite graph in which the ants follow pheromone and heuris-
tics in order to traverse from one set of vertices to the other and back raises
the question of how important pheromone and heuristics are to AntDA perfor-
mance. Table 2 shows the impact of all possible cases of turning pheromone and
heuristics off for the fifth of the five test cases. Similar results were obtained
from the other four test cases. For example, line 1 of Table 2 shows performance
results when pheromone is turned off when moving from an application vertex
to a server (the pheromone components are removed from Eq. 4). Similarly, line
4 shows the impact of ignoring heuristics when moving from a server to a 〈d, q〉
pair(by removing the heuristic components of Eq. 6) .



Table 2. Importance of pheromone and heuristics on AntDA performance.

Line Pheromone Off Heuristic Off Min UB Max UB Avg UB StdDev UB Conv. Avg.

1 DQ-to-S - 838 866 864.78 9.13 198.55
2 S-to-DQ - 812 836 824.48 4.83 4.84
3 - DQ-to-S 830 887 854.16 14.36 44.22
4 - S-to-DQ 815 864 841.68 9.55 221.22
5 both - 815 826 822.24 2.60 148.30
6 - both 835 896 863.40 11.23 121.56
7 DQ-to-S S-to-DQ 874 874 858.20 9.25 204.04
8 S-to-DQ DQ-to-S 833 973 911.24 23.08 17.30
9 - - 811 822 816.26 2.90 25.28

Line 9 of Table 2 contains the statistics for normal AntDA operation. Note
that lines 2, 4, and 5 come close to meeting the minimum update burden (UB)
of line 9. However, the other lines all have higher maximum and average update
burdens. Also, lines 4 and 5 converge on their best solution (rightmost column)
after 221.22 and 148.30 time steps, respectively, which is much worse than the
normal mode of operation (line 9). Line 2 fares much better with respect to
convergence rate and minimum update burden, but still has a higher maximum
and average update burden than the normal mode. Altogether, Table 2 indicates
that using pheromone and heuristics to make edge selections in both directions
(normal operating mode) gives the best overall performance.

5 Conclusion

In this paper the Ant Colony Optimization (ACO) meta-heuristic was success-
fully applied to a new NP-hard problem, DA Replication Problem(DArep), in
which an application service provider must replicate multi-quality database-
driven web applications on its network of servers at minimal cost. The ACO
formulation for DArep, AntDA, is the first to use a fully bipartite graph. Ants
deposit and follow pheromone on directed edges connecting a set of application
vertices with a set of server vertices and then back from servers to applications.
Other novel aspects of AntDA include dynamically changing heuristic values and
the possibility that ants may produce infeasible solutions. Experiments showed
that AntDA outperforms several other solution methods. Moreover, the use of the
Server-Filling optimization heuristic by AntDA decreased costs by over 4%. Tests
in which pheromone and heuristic values were removed from the ants’ decision-
making process as they traveled the bipartite graph revealed that pheromone
and heuristics in both traversal directions delivers the best performance.
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