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Abstract. In this research work, we present a combination of a memetic
algorithm and an immunological algorithm that we call Memetic Im-
munological Algorithm – MIA. This algorithm has been designed to
tackle the resource allocation problem on a communication network. The
aim of the problem is to supply all resource requested on a communica-
tion network with minimal costs and using a fixed number of providers,
everyone with a limited resource quantity to be supplied. The scheduling
of several resource allocations is a classical combinatorial problem that
finds many applications in real-world problems. MIA incorporates two
deterministic approaches: (1) a local search operator, which is based on
the exploration of the neighbourhood; and (2) a deterministic approach
for the assignment scheme based on the Depth First Search (DFS) algo-
rithm. The results show that the usage of a local search procedure and
mainly the DFS algorithm is an effective and efficient approach to bet-
ter exploring the complex search space of the problem. To evaluate the
performances of MIA we have used 28 different instances. The obtained
results suggest that MIA is an effective optimization algorithm in terms
of the quality of the solution produced and of the computational effort.

Keywords: Immunological algorithms, memetic algorithms, combina-
torial optimization, scheduling resources allocation problem, resource al-
location problem, scheduling problems.

1 Introduction

In this work we present an immunological algorithm based on a deterministic
approach that involves the Depth First Search (DFS) algorithm, and ad-hoc
local search strategy to tackle a combinatorial optimization task, the Resource
Allocation problem [12,2,13], whose main goal is to satisfy the resource allocation
requests from several items with minimal efforts. Any request can be satisfied
by only one provider, which however has limited resources. Resource allocation
problem on a communication network is a classical combinatorial optimization
problem, which finds many applications in real-world problems, such as fuel
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distribution problem, drugs distribution in hospitals, postal services distribution,
and distribution networks in general.

In many NP-hard problems, the goal is to pack items into a set of containers,
without exceeding the capacities of each individual container. These kinds of
problems are simply refereed as multi-container packing problem (MCPP) [15],
and a typical example is the classical bin packing problem (BPP). In general, for
these kinds of problems, two types of containers are considered [11]: (1) with
capacity, i.e. the sum of the weights of the items cannot exceed a given capac-
ity; (2) with quota, i.e. the sum of the weights of the items must be at least
as large as the quota. Resource allocation problem asks to satisfy with minimal
costs all resource allocation requests received from several items using a given
fixed number of providers, each one based on a limited capacity, i.e. maximal
quantity to be supplied. How to schedule the resource distribution depends on
several aspects: how many quantities have been required in the overall; how many
providers are available; how much is the capacity of each available provider; the
traffic on communication network; and many other conditions that influence ei-
ther communication network or the quantity of available resource. Moreover, the
problem is also subject to several constrains: any provider is able to supply a
limited quantity of resource; the number of providers is given and fixed; the sum
of resource quantity of a subset of items satisfied by a provider cannot exceed
its own capacity. Thus, to face this problem is required optimizing several objec-
tives, which are subject to various constraints: maximize the number of resource
satisfied; maximize the number of items served; minimize the path from one
item to other in the network; minimize the costs on each path in the commu-
nication network. Resource allocation on a communication network can be seen
as a problem very similar to the Vehicle Routing Problem(VRP), and primarily
with its variant called Capacitated Vehicle Routing Problem (CVRP) [17]. VRP
represents the class of problems in which a fixed number of vehicles must visit a
set of customers, or cities, through a set of routes. The goal of VRP is to satisfy
any customer request, everyone with a known demand, minimizing the costs on
the routes, and respecting some constraints, such as: (i) each customer can be
visited once and at most by one vehicle, and (ii) each vehicle starts, and ends
to the depot. CVRP is the more studied member of the family, where capacity
restrictions are imposed for the vehicles.

2 The Problem

The problem of resource allocation on a communication network can be formu-
lated as follows: let be G = (V, E) a graph, where the node v ∈ V represents
an item, and the set E represents the paths on the network. We assume that
|V | = n and |E| = m. For any node v is assigned a weight q(v) ≥ 0 (q : V → R),
which indicates the resource required by the item v; also for any edge e ∈ E is
assigned a weight c(e) > 0 (c : E → R), which represents the cost on the seg-
ment e. Given a set of providers, R = {1, . . . , h}, such that |R| < |V |. To each
provider r ∈ R is assigned a limited resource capacity, i.e. a maximal resource
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quantity that can be supplied by r: b(r) > 0 with b : R → R. We note that
the sum of all weights of items is greater than the maximal capacity allowed,(∑

v∈V q(v) > maxr∈R {b(r)}) , and that minv∈V {q(v)} ≤ minr∈R {b(r)} ≤
maxv∈V {q(v)} ≤ maxr∈R {b(r)} .

The goal of this combinatorial optimization task is to assign h providers over
n items such that: (1) the number of satisfied items is maximal, i.e. all resource
allocated required have been supplied; (2) each provider must supply resources to
all those items that are as topologically near as possible in the communication
network; finally (3) the sum of the weights of items supplied by provider r
must be not greater than the capacity of r itself. This definition is equivalent
to partitioning the set V in h subsets, such that their union is V, and their
intersection is the empty set. A proper way to face this problem could be to
tackle it as a multi-objective problem; however, in this research work we have
tackled the problem using a single-objective function:

f(x) =
Ctot(x)∑

r∈R |Vr | ×
⎡
⎣1 +

(
|V | −

∑
r∈R

|Vr|
)β
⎤
⎦ (1)

where Vr is the set of all items that have been supplied by the provider r; β is
a constant, and represents a penalty factor that gives priority to solutions able
to satisfy all resources required; and Ctot(x) is the total cost produced by the
given solution x on the communication network G = (V, E), and it is given by

Ctot(x) =
|R|∑
r=1

⎛
⎝|Vr |∑

j=1

q(xrj) +
|Er|∑
j=1

c(erj)

⎞
⎠

where Er is the subset of all edges visited by the provider r, and erj is the edge
connecting (xr(j−i), xrj).

To understand what are the parameters that affect the output, we per-
formed the Morris method [14] on a graph with 256 vertices, and 32640 edges
(queen16 16.col – see section 4). The Morris method is a sensitivity analysis use-
ful to understand the effects of a parameter with respect to all others, which
vary simultaneously. Figure 1 shows the sensitivity analysis carried out for our
objective function (equation 1). Inspecting this figure is possible to see how the
vertices {36, 115, 139, 152, 172, 234} seem to be the most important, since they
affect more on the objective function than the remaining vertices, whereas nodes
118, 101, and 182 are the less influential ones.

3 The Memetic Immunological Algorithm

MIA is based on clonal selection principle whose own main features are cloning,
hypermutation, and aging operators. As in the classical clonal selection algo-
rithms, the antigen (Ag) represents the problem to tackle, that is the commu-
nication network G = (V, E), whilst the B cells are a population of candidate
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Fig. 1. Normalized μ and σ of Sensitivity analysis using the Morris method. A high
value of μ indicates a parameter with an important overall influence on the output. A
high value of σ indicates a parameter involved in interaction with other parameters or
whose effect is nonlinear.

solutions, defined hence as strings of integers (vertices). B cells are represented
as a permutation of vertices from which the algorithm starts the visiting process
in order to assign the items to providers. With P (t) we denote a population of
d individuals of length � = |V |. The first population is created randomly by a
uniform distribution, which represents a subset of the space of solutions.

MIA incorporates the static cloning operator, that clones all B cells dup
times producing an intermediate population P (clo). Afterwards, each cloned B
cell is subject to the hypermutation operator, which mutates any clones M times
without an explicit usage of mutation probability. In this work, the number M
of mutations is inversely proportional to the fitness function, albeit there exists
several approaches (e.g. ones proposed in [6]). Let e−ρf̂ the mutation rate, where
ρ is an input parameter, and f̂ is the fitness function normalized in the range
[0, 1], then the number of mutations M on a given candidate solution x is given as
M(x) = �(α×�)+1�, with � the length of x. At least one mutation is guaranteed
on any B cell, which happens exactly when the candidate solution is very close
to the optimal one. Thus, for any B cell the hypermutation operator chooses
randomly M times two vertices u and v, and then swaps them. At the end of
the hypermutation process, we have a new population that is denoted by P (hyp).
To normalized the fitness function in the range [0, 1], as proposed in [9], MIA
uses the best current fitness value decreased of an user-defined threshold Θ; this
is necessary because a priori is not known any kind of information about global
optima. As proposed in [10,6,7], also MIA is based on the particular scheme
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that when an hypermutated B cell improves the value of the fitness (called
constructive mutations), then it will be considered to have age equal to 0. Using
this scheme, we give an equal opportunity to each new B cell to effectively explore
the given landscape. To improve the quality of the solution, MIA incorporates
an heuristic local search based on the exploration of the neighbourhood, where
the neighbours are explored through the swapping of the vertices. This operator
is applied to the best B cell of P (hyp), producing a new population P (LS).

Table 1. Pseudo-code of Memetic Immune Algorithm – MIA

MIA(d, dup, τB, ρ)

P (0) ← Init Population(d)

Evaluate Fitness(P (0))
t← 1
while (¬Termination Condition())do

P (clo) ← Cloning (P (t), dup)

P (hyp) ← Hypermutation(P (clo), ρ)

Evaluate Fitness(P (hyp));

P (LS) ← LocalSearch(P (hyp)[best])

Evaluate Fitness(P (LS));

Static Aging(P (t), P (hyp), P (LS), τB);

P (t+1) ← (μ + λ)-Selection(P
(t)
a , P

(hyp)
a , P

(LS)
a );

t← t + 1;
end while

After the perturbation operators, all old B cells inside the populations P (t),
P (hyp), and P (LS) are eliminated using the static aging operator. The parameter
τB in input indicates the maximum number of generations, that allows to each
B cell to remain into own population; when a B cell is τB +1 old it is erased from
the own population independently from its fitness value. Each B cell is allowed
to remain into the population for a fixed number of generations; an exception is
made only for the B cell with the current best fitness value (elitist static aging
operator). The strength of this operator is to produce a high diversity into the
current population, and avoid premature convergences. After the aging operator,
follows the (μ+λ)-Selection operator, which generates the new population P (t+1);
it selects the best d survivors B cells from the populations P (t), P (hyp), and
P (LS). If only (dA < d) B cells are survived, then it creates randomly (d − dA)
new B cells (Birth phase).

In table 1 we report the pseudo-code of the memetic immunological algo-
rithm, where Termination Condition() is a Boolean function, which returns true
if the maximum number of generations, or the maximum number of fitness func-
tion evaluations allowed, is reached; false otherwise. Instead, Evaluate Fitness()
computes the fitness function value of each B cell using the equation 1.

Local Search. The used approach for the design of the local search was taken
from [7,5], and it relies on the definition of neighbourhood, where neighbours are
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generated through the swapping of the vertices. One B cell y is said a neighbour
of a B cell x if it can be obtained from x by swapping two of its elements.
Since swapping all pairs of vertices is time consuming, we have used a reduced
neighbourhood by a radius RLS , as proposed in [5,8]: in each B cell, all vertices
were swapped only with their RLS nearest neighbours, to the left and to the
right. Taking into account the large size of the neighbourhood the local search
procedure is applied only on the best hypermutated B cell (i.e., the best of
P (hyp)). If a single swap between two vertices reduces the fitness function value,
then the new mutated B cell is added into the new population P (LS); otherwise it
is not taken into account, and hence erased. The process continues until the whole
neighbourhood with radius RLS will be explored. To avoid the problem to study
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Fig. 2. Convergence process of MIA with and without local search (LS)

which is the best tuning for RLS radius we assign a random value in the range
[1, (|V | − 1)], using a uniform distribution. In this way it is guaranteed to swap
at least two vertices. Figure 2 shows the convergence process of the best fitness
values with and without the local search procedure. The experiment was made
on a graph with 82 vertices (planar topology), and fixing the minimal values for
the parameters: d = 100, dup = 1, τB = 5, ρ = 5.5 and MaxGen = 1000. This
figure shows how the local search procedure ease the convergence towards better
solutions.

Heuristics for the assignment scheme. How to assign a provider to one
item or vice versa is a central point in the design of the algorithm. Since any
provider has a limited resource capacity, choosing one vertex rather than an
other can determine the satisfiability of all received requests, or only some of
them. Let x = {x1, . . . , xn} a generic B cell; R = {r1, . . . , rh} the set of the
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providers; and b(ri) the capacity of the ith provider, with i ∈ [1, h]. A provider
ri is randomly chosen to be assigned to the first x1 vertex of the permutation x,
and afterwards decreasing the capacity of ri, i.e. b(curr)(ri) = b(prev)(ri)− q(x1).
For all remaining vertices xj , with j = (2, . . . , � =| V |), is possible to distinguish
the following three cases:

1. if exists a vertex v ∈ V adjacent to xj , and a provider r ∈ R assigned to
v (i.e. r supplies v) such that

∑
v∈Vr

q(v) + q(xj) ≤ b(r), where Vr is the
subset of the vertices already assigned to r, then the provider r is assigned to
supply xj . If there exist two or more vertices adjacent to xj , with assigned
different providers suitable to satisfy xj , then the one with higher available
capacity will be assigned to xj ;

2. for all vertices v ∈ V adjacent to xj , either there exists no r ∈ R assigned to
v, or if there exists, it is not able to satisfy xj . Thus, if there are one or more
free providers, i.e. not yet assigned, then one of these is randomly chosen,
and assigned to xj ; otherwise a deep search is made into the neighbourhood
of xj . If after the search, at least one available provider was found, this is
assigned to xj , otherwise the vertex will be labelled “not satisfied”. Of course,
case 2 occurs only if the first step failed. In this work, as search model, was
used the classical “depth first search” algorithm (DFS) [4], but reduced of a
radius R(DFS): is fixed a limit R(DFS) < |V | to the depth of the search into
the neighbourhood. The aim of this reduced DFS is to satisfy the request of
the vertex xj trough an available provider not too far from it, in such way
to generate homogeneous groups. If, by the reduced DFS we found two or
more suitable providers then the nearest one is assigned to the vertex xj . In
the experiments described in section 4, R(DFS) was fixed as 15% of | V | .
We call this kind of approach “random + dfs assignment”.

3. There exists no provider able to satisfy the given vertex (when cases 1 and
2 fail): i.e. for all r ∈ R,

∑
v∈Vr

q(v) + q(xj) > b(r), where Vr is the subset
of the vertices assigned to r. In this case the vertex will be labelled ”not
satisfied”.

After any assignment, the capacity of each chosen provider r is decreased:
bcurr(r) = bprev(r) − q(xj).

It is possible to derive an algorithmic variant of the “random + dfs assign-
ment”, which occurs in the case 2: before randomly choosing a free provider to be
assigned, this variant checks if there exist an available provider inside the nearest
neighbourhood. This is done applying the reduced DFS algorithm, with radius
R(DFS) equal to 5% of |V |. We call this variant as “dfs2 assignment”. This new
scheme guarantees the design of homogeneous groups, that is, all providers will
supply only items close to each other.

Figure 3 shows the comparisons of the best fitness values obtained by the two
described heuristics. These curves were obtained on a graph with 82 vertices,
and using the following parameters: d = 100, dup = 2, τB = 15, ρ = 5.5, and
MaxGen = 1000. The figure shows how dfs2 allows to MIA a better convergence
towards high quality solutions, lower costs and better compactness of the groups.
The inset plot shows for both approaches the success rate of the DFS over the
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Fig. 3. Convergence process of the best fitness function values for “random + dfs
assignment” and “dfs2 assignment” heuristics. The inset plot shows the success rate
of the DFS.

best run. Obviously, as we expected, the curves of random+dfs are higher than
dfs2, since it obtains poor solutions, and therefore it needs more calls to the DFS
with long radius: more calls generate a higher success rate. However, the overall
percentages of the DFS successes, averaged with their own calls, computed over
10 independent runs, is higher in dfs2 (73.08%) than in random+dfs (66.28%).
This means that our optimization strategy, which is to reduce the search of
an available provider in a nearest neighbourhood, is efficient in order to design
very compact groups. In table 2 is showed the comparison between the two
approaches, varying the parameters on a graph with 82 vertices (a planar graph).
This instance, has been used to evaluate the performances of MIA in terms of
fitness value, and the ability to develop homogeneous groups. The table shows
the best fitness values, the mean and the standard deviation. Last column, Δ,
of the table indicates the differences of the two approaches with respect the
best fitness values. In bold face is highlighted the best fitness values for each
pairs of parameters. The results have been obtained with d = 100, ρ = 2,
MaxGen = 100, and 10 independent runs. The number of the providers h is
equal to 6, using the same capacity for all h providers. Given all weights on
the vertices, we can consider Λ =

∑n
i=1 q(xi)

h as lower bound to determine in
average how much should be the capacity of each provider to satisfy all request.
This lower bound is not necessarily the optimal capacity value. In this work, the
averaged capacity is the lower bound Λ increased by 0.2%. Inspecting the results
in the table, dfs2 is suitable to find better solutions and more homogeneous
groups.
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Table 2. dfs2 vs. random+ dfs. For each experiment we report the best fitness value,
the mean and the standard deviation. Last column, Δ, indicates the difference of the
best fitness function values. For these experiments has been used the graph with |V | =
82. In bold face is highlighted the best fitness value for each pairs of parameter dup
and τB .

dup τB dfs2 random + dfs Δ

1

5
236.28 12422.63 −12186.35

2675.12 ± 4877.68 19742.75 ± 8091.68

20
236.04 12428.42 −12192.38

1455.39 ± 3658.04 20963.34 ± 10967.25

∞ 228.84 12439.09 −12210.25
1453.59 ± 3662.04 20967.5 ± 5583.16

5

5
235.37 12443.66 −12208.29

7555.31 ± 5969.99 17314.52 ± 5965.55

20
232.38 12425.92 −12193.54

232.93 ± 1.1 17305.04 ± 8091.91

∞ 244.33 12418.84 −12174.51
13647.11 ± 6563.78 23396.64 ± 16768.86

10

5
245.00 226.83

+18.17
245.00 ± 0.0 24616.53 ± 21121.18

20
225.19 227.32 −2.13

5106.2 ± 14638.93 227.32 ± 0.0

∞ 230.49 12427.99 −12197.5
1452.14 ± 3663.05 18526.56 ± 6098.57

We note that high values of mean and standard deviation (tables 2 and 3) are
due to β penalty parameter of the objective function (eq. 1); when a solution
is not able to satisfy all items required then the objective function returns high
values. Thus, high values of mean and standard deviation indicate that the
algorithm is not able to satisfy all required in all runs. In all experiments β = 5.

4 Results

To evaluate the performance of MIA algorithm we have used two different met-
rics: (1) MIA is able to obtain good approximated solutions using the capacity
of the providers as small as possible, and (2) the homogeneity in the assignment
of the providers to the vertices, i.e., to avoid that a provider has to supply two
vertices placed in opposite sites from a topological point of view. For the ex-
periments, we used a graph with 82 vertices and planar topology. Afterward, to
extend our test bed we have tested MIA on several graphs, taken by the di-
macs colouring benchmark [1]. Once experimentally proved that dfs2 has better
performances than random + dfs with respect to the costs and the homogene-
ity of the solutions (see table 2), all results presented in this section have been
obtained using the dfs2 heuristic.
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Table 3. Best solution, mean of the best solutions, and standard deviation (σ) ob-
tained on the graph with 82 vertices, varying the parameters dup, and τB. For this
class of experiments was fixed d = 100, MaxGen = 100, and each test was made 10
independently runs. Moreover, we have fixed ρ = 4 for all trucks with same capacity,
and ρ = 5.5 with different capacity values. The shown results were obtained fixing
either the same capacity for all used trucks (the lower bound Λ increased by 0.2%),
than with different capacity values.

using same capacity using different capacity
dup τB best mean σ best mean σ

1
5 229.45 231.42 1.28 36830.49 53902.77 23894.93
20 232.81 233.15 0.68 36845.67 36845.67 0.004
∞ 228.05 2670.81 4884.66 49017.31 57563.87 17294.56

5
5 226.22 5116.51 9750.32 36830.98 38051.81 3662.52
20 235.00 5112.00 9754.00 36828.41 36835.69 4.29
∞ 244.64 11213.28 10125.65 12436.16 14877.58 7314.36

10
5 229.15 2686.72 4874.28 24639.02 40491.00 17291.04
20 220.92 6323.55 6102.63 36825.49 41707.80 5979.59
∞ 229.82 7547.70 9759.12 24635.98 42929.53 23299.84

In table 3 we report the results obtained by MIA using for all providers either
the same maximum quantity of resources to be supplied, or different capacities.
These experiments have been made varying the parameters dup = {1, 5, 10},
and τB = {5, 20,∞}, and a population size constant (d = 100), ρ = 4 for the
experiments where all resources have the same capacity, and ρ = 5.5 for all
experiments with different capacity values. Moreover, the maximum number of
generations was fixed to 100, and each test has been averaged over 10 indepen-
dent runs. Inspecting the results obtained using the same capacity, is possible
to see that, although the best solution is obtained with high values of dup pa-
rameter (dup = 10), in general the best performances have been obtained using
small values of the dup parameter. If we use different capacities, instead, dup = 5
seems to be the adequate setting.

To simulate a real world application, we have considered the graph as road net-
work, where each weight has been randomly generated in the range [200, 10000]
for the vertices, while for the edges in the range [5, 180]. Moreover, we have used
a small number of providers in order to better simulate a real application. Since
in the real world case is likely that not all items require resource allocation,
i.e. someone can have weight null, the random generator assigns each weight on
vertices with a probability P = 0.5.

To understand the real exploration and exploitation capabilities of MIA we
have compared MIA with a classical Genetic Algorithm (GA) and a determin-
istic algorithm based on locally optima choice strategy. For this deterministic
algorithm we present three different versions: (1) starting from the vertex V1

the naive method proceeds sequentially (V1, V2, ..., Vn). We labelled this version
as naive; (2) starting from a random vertex Vk, this method proceeds as follow
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Table 4. MIA vs. GA and three different versions of a deterministic algorithm. These
experiments have been made using dimacs graph colouring instances as test bed [1],
being one of the most popular in literature. For each instance is showed the number of
items satisfied (Γ ), and relative best cost found. The experiments have been performed
for 30 independent runs. We point out that if one of the algorithms is not able to satisfy
all requested of the items, the relative costs have been not included in the table (−).

MIA naive DBO DPB GA

instance | V | | E | h Γ best Γ best Γ best Γ best Γ best

DSJC125.1.col 125 1472 4 125 1018.06 124 − 123 − 124 − 125 1056.5
DSJC125.5.col 125 7782 4 125 977.92 123 − 123 − 124 − 125 1010.92
DSJC125.9.col 125 13922 4 125 978.532 124 − 124 − 125 1167 125 1034.34

queen6 6.col 36 580 3 36 1106.46 35 − 35 − 35 − 36 1131.4
queen7 7.col 49 952 3 49 1252.84 48 − 48 − 49 1304.76 49 1274.53
queen8 8.col 64 1456 3 64 1276.75 63 − 63 − 64 1309.96 64 1298.4
queen8 12.col 96 2736 4 96 1133.69 94 − 95 − 96 1148.92 96 1146.2
queen9 9.col 81 2112 4 81 1146.1 80 − 80 − 80 − 81 1161.33
queen10 10.col 100 2940 4 100 1157.4 99 − 99 − 100 1198.01 100 1182.73
queen11 11.col 121 3960 4 121 1082 120 − 119 − 121 1127.98 121 1105.54
queen12 12.col 144 5192 5 144 1252.47 143 − 143 − 144 1296.76 144 1271.63
queen13 13.col 169 6656 5 169 1282.47 168 − 168 − 169 1313.1 169 1297.33
queen14 14.col 196 8372 5 196 1283.31 195 − 195 − 196 1307.6 196 1294.6
queen15 15.col 225 10360 6 225 1103.09 224 − 224 − 225 1126.5 225 1111.21
queen16 16.col 256 12640 6 256 1326.89 255 − 255 − 256 1345.1 256 1335

miles500.col 128 2340 4 128 1141.23 127 − 127 − 128 1168.028 128 16833
miles750.col 128 4226 4 128 1110.67 127 − 127 − 128 1150 128 1153.65
miles1000.col 128 6432 4 128 1105.77 126 − 127 − 128 1143.3 128 1137
miles1500.col 128 10396 4 128 1096.96 127 − 127 − 128 1130.4 128 1128.61

myciel5.col 47 236 3 47 1246.87 46 − 46 − 47 1280 47 1266.3
myciel6.col 95 755 4 95 1140.14 94 − 94 − 95 1147.7 95 1149.1
myciel7.col 191 2360 5 191 1180.82 190 − 190 − 191 1194.6 191 1193.7

david.col 87 812 4 87 1076.67 86 − 86 − n.a. − 87 1114.6
games120.col 120 1276 4 120 1279.02 120 1301 119 − 120 1292 120 1350
anna.col 138 986 5 138 984.129 138 − 138 − n.a. − 138 44505.3

(Vk, Vk+1, ..., Vn, V1, ..., Vk−1). We call this second version as DBO; (3) the last
method performs the optimal locally selection based on a permutation of the ver-
tices (DBP). Table 4 presents the results obtained on this new benchmark. The
table indicates the number of items satisfied (Γ ) for each algorithm, and relative
best cost found. For these experiments, it has been used the following parameters
d = 100, dup = 15, and τB = 15. For GA, instead, we have used the best tuning
of parameters obtained after several experiments: pop size = 100, Pc = 1.0, and
Pm = 0.3. Moreover, in all experiments we have used as stop criterion a maxi-
mum number of fitness function evaluations Tmax = 5 × 104 for all graphs with
|V | < 100, and Tmax = 5 × 105 otherwise. Finally, 30 independent runs have
been performed for each instance. MIA is able to satisfy all requests received,
with respect deterministic algorithms. MIA and GA have been able to satisfy
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all request received on different dimensions of the problem (from 36 to 256 ver-
tices). However, comparing MIA and GA is possible to see how the proposed
algorithm is able to find better costs in all tested instances, which means that
MIA is able to produce more compact groups from a topologically point of view.
In the table 4, if one of the algorithms has not been able to satisfy all requested,
the relative costs have been not included in the table (labelled as −), because
the fitness value produced is high due to the penalty factor β (equation 1).

5 Conclusion

From the shown results, the reduced DFS produces good solutions in term of
quality and homogeneity of assignments. The designed approach seems to be
very promising. Currently, our research is primarily directed, (1) on the study of
the best tuning of the DFS (i.e., the radius RDFS); (2) design a good refinement
operator, such to improve the convergence speed of MIA; (3) and finally take
into account the dynamical environment where the weights either on the vertices
and on the edges may change during the time.

All results have been obtained using as capacity, the lower bound Λ increased
by 0.2%, i.e. as small as possible, to properly understand the search ability
of MIA. The proposed algorithm has been compared with standard GAs and
with three different versions of a deterministic algorithm. MIA outperforms
the compared algorithms; MIA satisfies always all the requests, as opposed to
compared algorithms, which fail on several instances.
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Problem. In: Eiben, A.E., Bäck, T., Schoenauer, M., Schwefel, H.-P. (eds.) PPSN
1998. LNCS, vol. 1498, pp. 875–884. Springer, Heidelberg (1998)

16. Ralphs, T.K., Kopman, L., Pulleyblank, W.R., Trotter, L.E.: On the Capacitated
Vehicle Routing Problem. Mathematical Programming 94, 343–359 (2003)

17. Toth, P., Vigo, D.: The Vehicle Routing Problem. SIAM Monographs on Discrete
Mathematics and Applications (2002)


	A Memetic Immunological Algorithm for Resource Allocation Problem
	Introduction
	The Problem
	The Memetic Immunological Algorithm
	Results
	Conclusion



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


