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Abstract

The report begins by reviewing a two-level hierarchical multicriteria routing
model for MPLS networks with two service classes (QoS and Best Effort services)
and alternative routing, as well as the foundations of a heuristic resolution approach,
previously proposed by the authors. Afterwards a new variant of this heuristic
approach, which includes a Pareto archive strategy (with the archive containing
solutions found throughout the execution of the heuristics), is described. The appli-
cation of the developed procedure to a benchmarking case study will show, by using
analytic and simulation models that, in certain initial conditions, this approach
provides improvements in the final results especially in more ‘difficult’ situations
detected through sensitivity analysis.

Keywords Routing models, Multiobjective optimisation, Telecommunication networks, MPLS-
Internet.

1 Introduction and Motivation

In modern multiservice networks, multiple and heterogeneous QoS (Quality of Service)
routing requirements have to be taken into account. Therefore, the routing models de-
signed to calculate and select one (or more) sequences of network resources (routes) have
to satisfy certain QoS constraints and seek the optimisation of route related objectives.
The formulation of important routing problems in these types of networks as multiple
objective optimisation problems is potentially advantageous, as these multiple objective
formulations allow the trade-offs among distinct performance metrics and other network
cost function(s) (potentially conflicting) to be pursued in a consistent manner.

QoS issues have become increasingly relevant in the new technological platforms of
multiservice networks, triggering an interest in the application of multicriteria approaches

*A shorter version was presented at the 8th International Conference on Decision Support for Telecom-
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to routing models in communication networks. In [27], an in-depth methodological analy-
sis of issues raised by the use of multicriteria analysis in telecommunication network design
and their relation with knowledge theory models is presented. The application of multi-
criteria models in telecommunication network design and routing problems are reviewed
in [2, 4].

In particular, a significant number of multicriteria routing models has been proposed
in the context of the emergent MPLS (Multiprotocol Label Switching) Internet networks
(see [4]). The technical capabilities of MPLS networks allow for the implementation of
multiple connection-oriented services with QoS (Quality of Service) requirements [1, 19].
Advanced QoS-based routing mechanisms are employed in the MPLS environment and
“explicit routes” (i.e. routes completely determined at the originating node) for each
traffic flow of a given service type may be devised. The authors have discussed key
methodological and modelling issues associated with route calculation and selection in
MPLS networks in [5].

A meta-model for hierarchical multiobjective network-wide routing optimisation in
MPLS networks has also been presented in [5]. In this optimisation approach, two types
of traffic flows are considered, QoS and BE (Best Effort) type flows. QoS flows are
regarded as first priority flows and, when accepted by the network, have a guaranteed
QoS level, related to the required bandwidth. As for BE flows, they are considered in
the model as second priority flows, and are carried by the network in order to obtain
the best possible QoS level. The traffic flows in the network are represented through an
approximate stochastic model, based on the use of the concept of effective bandwidth for
macro-flows and on a generalised Erlang model for estimating the blocking probabilities
in the arcs, as in the model used in [23, 21].

In this hierarchical model, described in detail in [6, 7], the first priority objective
functions concern network level objectives of QoS type flows, namely the total expected
revenue and the maximal value of the mean blocking of all types of QoS traffic flows; the
second priority objective functions are related to performance metrics for the different
types of QoS services and the total expected revenue for the BE traffic flows.

An alternative routing principle is incorporated in the routing model, so that when a
first choice route (corresponding to a loopless path) assigned to a given micro-flow!; in a
specific traffic flow (corresponding to a MPLS “traffic trunk”) is blocked a second choice
route may be attempted.

The theoretical foundations of a specialised heuristic strategy for finding “good” com-
promise solutions to the very complex bi-level routing optimisation problem, were pre-
sented in [6]. Note that in multiobjective optimisation [25] the concept of optimal so-
lution is replaced by the concept of non-dominated (or Pareto optimal) solution. A
non-dominated solution is a feasible solution such that, in minimisation problems, it is
not possible to decrease the value of an objective function without increasing on, at least,
the value of one of the other objective functions.

In [15], a heuristic approach (HMOR-S2 or Hierarchical Multiobjective Routing con-
sidering 2 classes of Service) devised to find “better” solutions (in the sense of multiobjec-
tive optimisation) to this hierarchical multiobjective routing optimisation problem, was
proposed and applied to a test network used in a benchmarking case study, for various
traffic matrices. In this dedicated heuristic, each new solution is obtained by ‘process-
ing’ the current best solution. The specific paths which seem to be more adequate for

LA p-flow corresponds in our model to a ‘call’, that is, a node to node connection request with certain
traffic engineering features.



improvement are selected and a variation on these paths is performed, leaving the others
unaltered. The new solution provided by this selection and by variation schemes on the
current solution, is then analysed and its quality is evaluated.

In [14], sensitivity tests applied to the specialised heuristic were described. These
sensitivity tests have shown that the heuristic is balanced in the treatment of the different
objective functions. However, they have also shown that in some rare cases there was
the potential for some improvement(s) in the first level objective functions, that is, the
heuristic was not capable of finding a solution that slightly dominates the current solution.
Therefore, new approaches have been devised to seek “better” solutions to the routing
problem under analysis, seeking to make the most of the knowledge acquired with the
problem by previous experimentation with the specialised heuristic HMOR-S2 and aiming
to overcome possible limitations of this heuristic detected through the sensitivity analysis.
Two new approaches consisting of the introduction of meta-heuristic techniques, namely a
SA (Simulated Annealing) and a T'S (Tabu Search) technique, in the structure of the basic
heuristic were presented in [14]. The introduction of these techniques is advantageous in
the search for further improvements of the final solution obtained with the basic heuristic.
However, these variants add a greater complexity and computational cost to the basic
heuristic.

This work presents a new resolution procedure for this model based on the introduc-
tion of a Pareto archive in the basic heuristic. Also computational experiments using
an analytical model and stochastic simulation will be presented, in order to evaluate
the performance of the proposed heuristic in a benchmarking case study. This heuristic
strategy is inspired in one of the standard procedures used in Pareto archived evolution-
ary metaheuristics (see [18]). This procedure aims at finding even “better” solutions to
the above hierarchical multiobjective routing optimisation problem, by incorporating an
archive of non-dominated solutions obtained throughout the execution of the previously
developed heuristic resolution approach. The addition and removal of solutions from the
archive follow a certain set of rules, described in 3.2, which rely on a specific model of the
system of preferences, to be implemented in an automated manner. This system of prefer-
ences relies on the definition of aspiration and reservation thresholds for the two network
level objectives of QoS type flows, which leads to the definition of preference regions in
the objective function space and allows us to compare all the calculated non-dominated
solutions. Note that this technique is used as an auxiliary procedure, while the basic
mechanisms of the dedicated heuristic are maintained. At the end of the algorithm, all
the solutions in this archive are scrutinised and the “best” possible solution in the best
possible preference region is chosen to be the actual solution to the routing problem, using
a reference point-based procedure (see [26]) as the solution selection mechanism.

The report is organised as follows. The two-level hierarchical multiobjective alternative
routing model with two service classes is reviewed in section 2, together with the basis
of the dedicated heuristic. In the third section, the features of the variant of the basic
heuristic, in particular an archive of non-dominated solutions, are presented. The results
obtained with this procedure, by using analytic results and discrete-event simulations for
a test network used in a benchmarking study, are revealed in the fourth section. Finally,
conclusions are drawn and future work is outlined in the fifth section.



2 Review of the Multiobjective Routing Model

2.1 The Multiobjective Routing Model

The considered model is an application of the multiobjective modelling framework (or
“meta-model”) for MPLS networks proposed in [5], as previously mentioned. Two classes
of services are considered: QoS, that is services with guaranteed QoS levels (when accepted
by the network), and BE, corresponding to traffic flows that are routed with the best
possible quality of service but not at the cost of deteriorating the QoS of the QoS traffic
flows. Therefore, QoS flows are treated as first priority traffic flows. The different service
types of each class are represented by the sets Sg (for QoS service types) and Sp (for
BE service types). The traffic flows of each service type s € Sg or s € Sp may differ in
important attributes, in particular the required bandwidth.

In the model the network is represented through a capacitated directed graph, where
a capacity Cj is assigned to every arc (or ‘link’) I, and the traffic flows are represented
in a stochastic form, as shown in [5]. A traffic flow is specified by fs = (v;,v;,7,,7,) for
s € § = 8o USp and a stochastic process is assigned to it, that is in general, a marked
point process. The process describes the arrivals and basic requirements of micro-flows,
originated at the MPLS ingress node v; and destinated to the MPLS egress node v;, using
some LSP (Label Switched Path). The other features of the traffic flow are characterised
by the vectors of traffic engineering attributes of flows of service type s, 7,, and by the
vectors containing the description of mechanism(s) of admission control to all arcs [ in
the network by calls of flow fs, ,. In particular these attributes include information
on the required effective bandwidth ds and the mean duration h(fs) of each p-flow in
fs. The use of the concept of effective bandwidth (a concept developed in [16]) in the
present context (MPLS networks with explicit routes) was earlier considered by [23] and
in [21]. The effective bandwidth can be viewed as a stochastic measure of the utilisation
of network resources allowing for an approximate, although effective, representation of
the effects of the variability of the rates of traffic sources of different types, as well as the
effects of statistical multiplexing of different traffic flows in a network.

The hierarchical multiobjective routing optimisation model considered here has two
levels with several objective functions in each level. The first level includes the first priority
objective functions (the total expected network revenue associated with QoS traffic flows,
Wq, and the worst average performance among QoS services, represented by the maximal
average blocking probability among all QoS service types, Bam|q), which are formulated
at the network level for the QoS traffic. In the second level the objective functions are
concerned with average performance metrics of the QoS traffic flows associated with the
different types of QoS services (represented by the mean blocking probabilities for flows
of type s € Sg, Byys)0, and the maximal blocking probability By, q, defined over all flows
of type s € Sg) as well as the total expected network revenue associated with BE traffic
flows, Wg. These constitute the second priority objective functions. At the two levels
of optimisation, ‘fairness’ objectives are explicitly considered in the form of min-max
objectives.

Therefore the considered two-level hierarchical optimisation problem for two service
classes P-M2-S2 (‘Problem - Multiobjective with 2 optimisation hierarchical levels - with
2 Service classes’) is:




Problem P-M2-S2

Lt level QoS: Network objectives m¥n§{—WQ}
ming{ Bym|q}
QoS: Service objectives ming{ B0}
ond level ming{ B}
Vs € SQ
BE: Network objectives ming{—Wp}
subject to equations of the underlying traffic model.

The decision variables R = ULﬂlR(s) represent the network routing plans, that is, the
set of all the feasible routes (i.e. node to node loopless paths) for all traffic flows, with
R(s) = Uyger,R(fs),s € So USp and R(fs) = (r*(fs)),p =1, -+, M with M = 2 in our
model. An alternative routing principle is used: for each flow f; the first choice route
r'(fs) will be used; if it is blocked the routing method makes the connection request
attempt the second choice route r2(f,). A request will be blocked only if r%(f;) is also
blocked.

This routing optimisation approach is of network-wide? type, and it enables a full
representation of the relations between the objective functions, taking into account the
interactions between the multiple traffic flows associated with different services.

The very high complexity of the routing problem P-M2-S2 stems from two major fac-
tors: all objective functions are strongly interdependent (via the {B(fs)}), and all the
objective function parameters and (discrete) decision variables R (network route plans)
are also interdependent. Note that all these interdependencies are defined explicitly or
implicitly through the underlying traffic model. Also note that even in the simplest degen-
erated case (single service with single-criterion optimisation and no alternative routing)
the problem is NP-complete in the strong sense, as proved in [11]. Having in mind the
form of P-M2-S2, one may conclude on the great intractability of this problem. There are
possible conflicts between the objective functions in P-M2-S2, because in many routing
situations, the maximisation of Wy leads to a deterioration on some B(f;),s € Sg, for
certain traffic flows A(f,) with low intensity, and this tends to increase By g and, con-
sequently, By, q- This is a major factor to justify the interest and potential advantage
in using multiobjective approaches in this context.

The basic teletraffic sub-model allows for the blocking probabilities By, for micro-flows
of service type s in link i, to be given in the form

Bks = Bs (d_k7 m7 Ck)

where B; represents the basic function (implicit in the teletraffic analytical model) that
expresses the marginal blocking probabilities, By, in terms of d = (dgy, - - , dys)) (vector
of equivalent effective bandwidths for all service types), pr = (pkl, e ,pk|5|) (vector of
reduced traffic loads py, offered by flows of type s to l},) and the link capacity C. This type
of approximation was suggested in [23] for off-line single-objective multiservice routing
optimisation models and was also used in the multiobjective dynamic alternative routing
model proposed in [21]. It enables the calculation of {Bjs} through efficient and robust
numerical algorithms, which are essential in a network-wide routing optimisation model
of this type, for tractability reasons.

A teletraffic model, underlying the routing model, enables the calculation of node
to node blocking probabilities B(fs) for all flows f; of all service types, from which the

2This means in this context that the main objective functions of a given service class depend explicitly
on all traffic flows in the network.



average blocking probability B,,s, for all traffic flows of type s, can be estimated for a
given set of routes for all offered traffic flows. The maximal average blocking probability
among all QoS service types, Bym|q, 18

Buyimig = gel%;{{Bms}

This will represent the fairness objective at the network level, as a first priority objective
function.

The total expected network revenues, Wy and Wp associated with QoS and BE traffic
flows, respectively, are expressed in terms of the expected revenues w(f;) per call of flow
fs, and of the values of carried traffic A¢, for all service types:

WQ(B): Z W Z Acws

SESQ B) SESQ B)

The usual simplification, w(fs) = ws,Vfs € Fs, where F; is the set of traffic flows of
type s, will be considered. Note that in the formulation of P-M2-52 while W, is a first
priority objective function (together with Bismiq), Wp will be a second level objective
function. This guarantees that the routing of BE traffic, in a quasi-stationary situation,
will not be made at the cost of the decrease in revenue or at the expense of an increase
in the maximal blocking probability of QoS traffic flows. Nevertheless, it is important
to note that while QoS and BE traffic flows are treated separately in terms of objective
functions so as to take into account their different priority in the routing optimisation,
the interactions among all traffic flows are fully represented in the model. This is assured
by the used traffic modelling approach, underlying the optimisation model, because the
traffic model used to obtain the blocking probabilities B(f;) integrates the contributions
of all traffic flows which may use every link of the network. This feature is a major
difference in comparison with more common routing models that have been proposed for
networks with two service classes, based on some form of decomposition of the network
representation, corresponding to ‘virtual networks’, one for each service class.

Apart from the BE expected revenue, the second level of optimisation also includes
2|Sp| objective functions related to all QoS service types, the mean blocking probabilities

for flows of type s € Sq,
ms|Q Z A fs

5 fs€Fs

where A? is the total traffic offered by flows of type s and A(f;) is the mean traffic offered
associated with f; (in Erlang), and the maximal blocking probability B, defined over
all flows of type s € Sy,

BMs|Q - ]Icfla}}_i{B(fs)}

This function constitutes the fairness objective defined for every service type s € Sg.

2.2 Basis of the Heuristic Approach

The resolution (in a multicriteria analysis sense) of the routing problem P-M2-S2 was
earlier performed by a heuristic procedure in [15], which is briefly reviewed in this section.
This heuristic uses the theoretical foundations described in [6] and it is based on the



recurrent calculation of solutions to a constrained bi-objective shortest path problem,
formulated for every end-to-end flow f,:

Problem 77(2): min m"(r = my 1
8 i, A= 3 Q0
keT(fs) n:1;2

The path metrics m” to be minimised are the marginal implied costs mj}, = cgs(B) (the
definition of which is reviewed in the following analysis) and the marginal blocking prob-
abilities m2, = —log(1 — By,); D(fs) is the set of all feasible loopless paths for flow fi,
which satisfy specific traffic engineering constraints (other than the effective bandwidth)
for flows of type s. A typical constraint is a maximal number of arcs per path depending
on the class and type of service s. The logarithmic function is just used to transform the
blocking probability into an additive metric. With these path metrics, the comparison of
the efficiency of different candidate routes takes into account both the loss probabilities
experienced along the candidate routes and the knock-on effects upon the other routes
in the network, effects associated with the acceptance of a call on that given route. Also
note that the minimisation of the metric blocking probability tends, at a network level, to
minimise the maximal node-to-node blocking probabilities B(fs), while the minimisation
of the metric implied cost tends to maximise the total average revenue Wr in a single
class multiservice loss network (see [10, 22]).

The implied cost ¢, (resulting from the acceptance of a call of flow f, in link [j) is
an important mathematical concept in routing optimisation in loss networks which was
originally proposed in [17] for single-rate traffic networks and later extended to single route
multirate traffic networks in [12, 23]. In [9], the definition of ¢, was adapted to multirate
loss networks with alternative routing and in [6], it was further extended to a multi-rate
network with alternative routing and two service classes. Therefore, the marginal implied
cost for QoS(BE) traffic, C%B), associated with the acceptance of a connection (or “call”)
of traffic f, of any service type u € S on a link [, as defined by the authors in [6], is the
expected value of the traffic loss induced on all QoS(BE) traffic flows resulting from the
capacity decrease in link [;. These costs can be obtained by solving the system of implicit
non-linear equations (3.2) in [15].

In the heuristic, the auxiliary constrained shortest path problem Pg) (1) is solved
by the algorithm MMRA-S2 [6], an adaptation of MMRA-S (Modified Multiobjective
Routing Algorithm for multiservice networks), described in [9, 21]. Generally, there is
no feasible solution which minimises the two objective functions simultaneously. Hence,
the resolution of this routing problem aims at finding a ‘best’ compromise path from
the set of non-dominated solutions, according to a system of preferences embedded in
the working of the algorithm MMRA-S2. This is implemented by defining preference
regions in the objective function space obtained from aspiration and reservation levels
(preference thresholds) defined for the two objective functions [10, 22]. Further details
on this algorithmic approach can be seen in [21]. Note that the path computation and
selection are fully automated.

Another important part of the addressed routing model is the underlying traffic model.
This stochastic traffic model involves all the sub-models and associated numerical proce-
dures, that are needed for obtaining all traffic related parameters, namely implied costs
and blocking probabilities Bys and B(fs), under certain simplifying assumptions. A de-
scription of the traffic modelling approach used in the routing model can be seen in [5].

Now let us review the basic features of the dedicated heuristic HMOR-S2, taken as
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the starting point and reference procedure in the present work.

In the heuristic, a basic searching strategy is to seek routing solutions R(s) for each
service s € S, firstly for each QoS service and starting from the services with higher
effective bandwidth (considering the numbering of s, s = 1,--- ,|Sg|) and, secondly, for
each BE service (also beginning by the higher bandwidth services, s = |Sg|+1,-- -, [S]),
solutions which dominate the current one, in terms of B¢ and By, for s € Sg and
in terms of Wp for s € Sg. These solutions will only be accepted if they do not lead to
the worsening of any of the network functions Wg and By, g, therefore respecting the
hierarchy of objective functions.

The general rules for the generation and selection of candidate solutions (r'(f,), r*(fs))
by MMRA-S2 for each fs, are described in [6]. These rules take into account the network
topology and the need to make a distinction between real time and non-real time QoS
services, and BE services. In particular, for the candidate second choice routes r%(f;)
for QoS or BE traffic, a special procedure is used. In order to prevent performance
degradation in overload conditions, some alternative routes should be eliminated in certain
conditions. This is achieved through a mechanism designated as Alternative Path Removal
(APR), an adaptation of the mechanism originally proposed in [22, 21].

The theoretical analysis of the model, confirmed by experimentation, showed that an
instability phenomenon may arise in the path selection procedure, expressed by the fact
that the route sets R (obtained by successive application of MMRA-S2 to every flow f,)
often tend to oscillate between certain solutions some of which may lead to poor global
network performance under the prescribed metrics. Therefore, the successive application
of MMRA-S2 to every traffic flow does not lead to an effective resolution approach to the
network routing problem P-M2-S2. Detailed analysis and extensive experimentation with
the heuristic led to the proposal of a criterion for choosing candidate paths for possible
routing improvement by increasing order of a function £(f,) of the current (r'(f), 7%(fs)),
given in [15]. The aim of £(fs) is to give preference (concerning the potential value in
changing the routes when seeking to improve Wy or Wg) to the flows for which the route
r!(f;) has a low implied cost and the route 72(f,) has a high implied cost or to the flows
which currently have worse end-to-end blocking probability. Note that a variable nPaths,
representing the number of routes with smaller values of £(fs) that should possibly be
changed by running MMRA-S2 once again, is specified in the heuristic.

The full description and formalisation of this heuristic as well as an application study
are given in [15].

3 Variant of the Basic Heuristic Approach

The study of the heuristic approach HMOR-S2, the basis of which was reviewed in the
previous section, was completed with a sensitivity analysis, which led to the consideration
of variants of this heuristic.

3.1 Review of the Sensitivity Analysis and of the Variants of
the Basic Heuristic Approach

In [13, 14], the sensitivity tests applied to the HMOR-S2 heuristic were described. The
purpose of these sensitivity tests was to check whether the heuristic was treating the lower
level objective functions in a balanced way (that is, to check whether better values of the
second level objective functions could be obtained without worsening the values of the



first level objective functions) and to check whether the value of an upper level objective
function could be improved at the cost of worsening the value of the other upper level
objective function. Generally speaking, the results of the sensitivity tests for the HMOR-
S2 heuristic were as expected, allowing us to assume that the heuristic is balanced in the
treatment of the different objective functions.

There were, however, a few results that were worth further analysis. In particular,
there was one test where one of the first level objective functions improved and the other
worsened. This result is not unexpected, as the two first level objective functions are
conflicting in nature, but showed that there was at least one non-dominated solution
that the basic heuristic had not been able to detect. Another test where both first level
objective functions slightly improved suggests that, in some rare cases, the heuristic is
not capable of finding a solution that slightly dominates the current selected solution.

In [14], two new approaches consisting of the introduction of meta-heuristic tech-
niques, namely a SA technique and a TS technique, in the structure of the basic heuristic
HMOR-S2 were described. The results show that the introduction of these meta-heuristic
techniques in the specialised basic heuristic, does not necessarily lead to better results.
However, the introduction of these techniques is advantageous in the search for improve-
ments of the final solution obtained with the basic heuristic. In fact, a run of the basic
heuristic HMOR-S2 followed by a further run of either the variants tends to provide im-
proved results for the routing problem, especially in the case of the TS variant. Nonethe-
less, these variants have added a greater complexity to the basic heuristic. The computa-
tional burden of the resolution has also increased. These remain the major limitations of
this type of routing method and prompt a further search for possible simplifications and
improvements in the heuristic resolution approaches.

3.2 Application of a Pareto Archived Strategy to the Basic
Heuristic Approach

The realisation that throughout the execution of the basic heuristic there were interesting
solutions to the routing problem that were not further pursued due to the strict limitations
imposed on the acceptance of a new solution® motivated the development of a new variant
that could store these possibly interesting solutions and later go through them in order
to try and find the “best” possible solution to the problem in hand, as described below.

The idea for this variant stems from PAES (Pareto Archived Evolution Strategy), an
evolutionary algorithm applied to an offline routing problem, which is presented in [18].
The pseudocode for PAES, as described in this reference, is

I. Generate an initial random solution c;
II. Add ¢ to the archive;
III. Repeat

Mutate ¢ to produce m;

Evaluate m;

1. If ¢ dominates m,

(a) Discard m.
2. Else

3 As mentioned in 2.2, a new solution is accepted only if it has values better than the best found so far
for the objective functions of interest: the network functions Wq and By, g, Vs € S, and B, o and
BMs|Q7 ERS SQ, or Wg, s € Sp.



(a) If m dominates c,
i. Replace ¢ with m;
ii. Add m to the archive.

(b) Else (no solution m or ¢ dominates the other)
i. If m is dominated by any member of the archive,
e Discard m.
ii. Else
e Apply test(c, m, archive) to determine which becomes the new current solution

and whether to add m to the archive.
Until a termination criterion has been reached.

There are significant differences between the PAES and the proposed variant of the
basic heuristic implemented, the HMOR-S2ppg or HMOR-S2 with a Pareto Archived
Strategy.

e The initial solution in HMOR-S2 and HMOR-S2p,g is not random, but obtained
after the typical solution used in Internet routing conventional algorithms (see 4.2).

e The new solution m is not produced by a mutation of c¢. This is the evolutionary
feature in PAES, which is not applicable here. In fact, the new solution in HMOR-S2
and HMOR-S2pag stems from the current best solution in the specialised heuristic
and is obtained by the recurrent calculation of solutions to the constrained bi-
objective shortest path problem 778(?, formulated for every end-to-end flow f,. As
explained in 2.2, the resolution of this auxiliary problem aims at finding a ‘best’
compromise path from the set of non-dominated solutions, according to a specific
system of preferences.

e Under the conditions established in II1.2(b)ii of PAES, a test function is used to
determine which becomes the new current solution and whether to add m to the
archive. In HMOR-S2pag, under conditions similar to these, that is, the new solution
has some values better and others worse than the current best values of the objective
functions of interest for the service under scrutiny (the first level objective functions
and the second level objective functions B,,sq and Bas|g, s € Sg, or Wg, s € Sp)
and is not dominated by any member of the archive with respect to the objective
functions of interest for the service under scrutiny, the new solution does not replace
the current solution. Plus, if the archive is not full, the new solution is always added
to it; if it is full, further testing is required to decide if the solution should be added
to the archive. This test is described next.

e In HMOR-S2p,s, after the end of the outer cycle of the procedure, the solutions
stored in the archive are analysed and the “best” possible solution to the problem
in hand is finally found. The solution selection mechanism uses a reference point-
based procedure.

The major features of the new heuristic, HMOR-S2ppg, are described next and its
formalisation is in Appendix A. Its numerical complexity is the same as the one for
HMOR-S2 (see [13]). The differences between this heuristic and the basic heuristic are
related to the management of the archive, that is, addition and removal of solutions from
the archive, and the evaluation of the solutions stored in the archive after the end of the
outer cycle of the algorithm, in order to choose the “best” possible solution to the problem
under analysis.
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3.2.1 Test to determine whether a new solution should be added to the
archive

At the beginning of the algorithm (before the outer cycle) the initial solution is added to
the archive. Afterwards, new solutions may be added to the archive, whenever:

1. the new solution R, has value(s) better than the current best value(s) of the network
functions W and B, g and of the objective functions of interest for the service
under scrutiny, B,sq and By, s € Sg, or Wg, s € Sp. In this situation, the new
solution is always added to the archive and if it is already full, one of the archived
solutions must be removed prior to the addition of the new solution R,.

2. the new solution R, has some value(s) better and other(s) worse than the current
best values of the network functions Wy and Bysmjq and of the objective functions
of interest for the service under scrutiny, B, and Byq, s € Sg, or Wg, s € Sp.
In this situation, the new solution is added to the archive if it is not dominated
by any of the solutions in the archive (i.e., there is no solution in the archive with
better values for the first level objective functions and better values for the objective
functions of interest for the service under scrutiny) and

(a) if the archive is not full, or

(b) if the evaluation of the new solution and the solutions in the archive shows that
one ¢ of the archived solutions should be removed so as to allow for the addition
of R, to the archive, in certain conditions described below.

3.2.2 Test to determine which solution should be removed from the archive

As mentioned earlier, it may be necessary to remove an archived solution to make room
for the new solution. To select the solution to be removed, preference thresholds defined
in the objective function space are employed. The main features of this approach are: i)
the representation of QoS requirements through requested (or aspirational) and acceptable
(or reservation) thresholds for each network function Wy and Bymo; ii) the consideration
of this type of thresholds defines priority regions in the bidimensional objective function
space in which non-dominated solutions may be searched for. As an example of the
definition of priority regions in the bidimensional objective function space of the solutions
in the archive, see figure 1.

The ideal optimum is represented by Ox and is obtained when both first level objective
functions Wg and By are optimised. The point (Bj\‘/}‘fm; Winin) is the Nadir point, that
is, the point with the worst values for each objective function when the other objective
function is optimised. The first priority region A is defined by the points for which the
requested levels are satisfied for both objective functions. The second priority regions B
and B, are those for which only one of the requested values is satisfied and an acceptable
value is guaranteed for the other metric. Although regions B; and By have the same pri-
ority in theory, in practice the maximisation of the QoS traffic revenue is considered more
important than the minimisation of By q. Therefore, B, will be considered preferable
to Bi. A third priority region C', where only acceptable values are guaranteed for both
metrics, is defined. Beyond the acceptable values, lies the least priority region D, that

defines worst values W,,;,, and Bj\‘/}‘fm for both metrics.
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Wmin (Bﬁ\%w; Wmm)
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lI lI
B, Bf«‘é% B Bioa
(E mBlog‘A) (E Blog'A)

Figure 1: QoS requirements used to define priority regions in the bidimensional objective
function space

The preference thresholds used to define the priority regions are given by

Wav W, ax
Wreq =Wa + AW = % (2)
3Wav - W ax
Wac = Wav - AW = fM (3)
By + B
lo . av min
B% = —In(1— (By—AB)) = —In (1 - f> (4)
Bav - Bmm
BY = —In(1 — (Baw +AB)) = —In (1 - 3#) (5)
where
Wonin = i, WeolX) (6)
WMaz - Xenigz)ﬁive WQ (X) (7)
W _ ZXE archive WQ (X) (8)
#{X}
W ar Wav

AW = Mf (9)

lo
Byio = —In (1= Bumo) (10)
Bonin =y Juin,  Brimio(X) 1)
vagfn = —In (1 - Bmm) (12)
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BMaa: = max BMm|Q(X) (13)

X € archive
Bi\ojim = —In (1 _BMax) (14)
B — ZXG archive BMm\Q(X) (15)
#{X}
Bav - Bmzn
Ap = St (16)

and where X represents any solution in the archive.

When an archived solution has to be removed to make room for the new solution,
the priority regions in the bidimensional objective function space are re-evaluated and
the first solution found in the last priority region is selected. After its removal, the new
solution can be added to the archive.

As mentioned in point 2b, if R, has some values better and others worse than the
current best values of the network QoS functions and of the objective functions of interest
for the service under scrutiny, and R, is not dominated by any of the solutions in the
archive and the archive is full, an analysis is performed to decide whether R, should be
added to the archive. In this situation, the concept of preference thresholds is employed
again, but this time not only the solutions in the archive but also the new solutions are
considered. Therefore, for the calculation of (2)-(5), the parameters in (6)-(8), (11), (13)
and (15) are calculated as follows:

Winin, = min{ min WQ(X);WQ(EG)}

X € archive

Whtar = max{ max WQ(X);WQ(Rl)}

X e archive
W, _ ZXG archive WQ (X) + WQ (EG)
av #{X} + 1
Bmin = min {Xer{all}glive BMm|Q(X)a BMmQ(Ra)}
Buyae = max {Xenelx?fﬁive BMm\Q(X); BMm|Q(§a)}
B — ZXG archive BMm‘Q(X) + BMm\Q(Ea)
av #{X} + 1

If the new solution R, is in the last priority region, then it will not be added to the
archive. Otherwise, the first archived solution in the worst priority region is selected for
removal, after which the new solution can be added to the archive.

3.2.3 Test to determine the final solution

At the end of the algorithm (after the outer cycle), the solutions stored in the archive are
analysed. By employing again the concept of preference thresholds, the priority regions
in the bidimensional objective function space are re-evaluated so as to select the final
solution of the algorithm.

The approach chosen to select the “best” solution in the best possible priority region is
based on the calculation of a Chebyshev distance to a reference point, as described in [3].
Note that this operation is more time-consuming than simply choosing the first solution
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Table 1: Reference points and weights for the Chebyshev metric for each priority region
in the objective function space

Priority | Reference point || Weights for the Chebyshev metric

region R ( ik|72’ ;\R) mBlog|R MBlog‘R mwir MW|R

A (stfna WMax) Bfgfn Bfn%z Wreq WMa:c

BQ (Bf'?g?]) WMa:c) Bi?g% Béocg Wreq WMa:c
! !

By (Bt W) | Bt | B | Wae | Wieg

C (B ioe?;? Wreq) Bioe% sz(ég Wae Wieq
! ! l

D (B Wares) | Bt | Bt || Wonin | Wit

found in the best possible priority region. However, this operation is methodologically
more correct and as it is performed only once, the amount of time it takes is not of primary
importance.

As described in [26], reference point type approaches minimise the distance of the
solutions in the objective function space to a selected point (often considered as the ideal
one) according to a specific metric, which in our procedure is the weighted Chebyshev
distance.

Let R be the best possible priority region in the objective function space where at least
one solution p can be found. In our approach, only this region R will be swept. A specific

reference point is chosen in region R as the ideal point in that region, (C;"R; ;\R) The

two metrics in the region are related to the upper level objective functions of the problem
P-M2-S2, Bj\ff‘in@ (which has to be minimised) and W (which has to be maximised).
That is, the ideal point in each rectangular region is the top left corner of that region.
See the example in figure 1 where the reference point for region A (Ref,) is displayed.
For a non-rectangular region such as D the ideal point of the whole objective function
space Ox is the reference point. The reference points for all the regions are in table 1.
Another set of parameters that must be defined is the minimum m;z and maximum
M, of each metric i for region R. See the example in figure 1 where the minimum
and maximum for both metrics in region A, are displayed. These parameters for all the
regions are in table 1. Notice that the reference point for each region can be written as

( T|R5 ;\R) = (mBlog‘R; MW|R), because it is the point in the region where the BE%Q

metric is minimised and the Wg metric is maximised.
The problem to be solved is

min max {w- R
0€R i=1.2 d

Ci(@) - C:\R‘}

where the metrics for solution g are Cy (o) = Bﬁ&% o(0) and C2(0) = Wo(p). The weights in
the weighted Chebyshev distance are w;r =

{wi|’R
log

region. These weights also account for the difference in range of the parameters B Mm|Q
and Wg.

, which allow the Chebyshev metrics

M;r—my»

Ci(o) — C;R)} to be dimension free and proportional to the size of the rectangular
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4 Experimental Results

In this section, the analytical and simulation results obtained with the HMOR-S2pag
heuristic in a network case study analogous to the one in [24] are presented.

In [24] a model for traffic routing optimisation and admission control in multiservice
networks supporting traffic with different QoS requirements, was proposed. This model for
MPLS networks with two service classes uses a lexicographic optimisation formulation, in-
cluding admission control for BE traffic, based on a deterministic MCF (Multicommodity
Flow) model, with the expected revenues associated with QoS and BE traffic as objective
functions. It will be used as a benchmarking study for the present work concerning upper
bounds for the optimal value of the QoS traffic revenue Wy. For a brief summary of this
application model, see [15, 14].

4.1 Application of the Model to a Network Case Study

The routing model in [24] and our routing model were applied to the test network depicted
in figure 2. It has N = 8 nodes, with 10 pairs of nodes linked by a direct arc and a total
of |£| = 20 unidirectional arcs. The bandwidth of each arc C} [Mbps] is shown in figure

2. The number of channels Cj, is C} = ﬁ—ﬂ, with basic unit capacity uy = 16 kbps.

There are |S| = 4 service types with the features displayed in table 2. The values of the
required effective bandwidths d; = % [channels] Vs € S are also in the table (where d,
is the required bandwidth in kbps). The expected revenue for a call of type s is assumed
to be wy, = d,,Vs € S. The average duration of a type s call is hy and Dy represents the

maximum number of arcs for a type s call.

155 2
155

155

Figure 2: Test network M [24], with the indication of the bandwidth of each arc Cj, in
Mbps

A base matrix T' = [T};] with offered total bandwidth values from node ¢ to node j
[Mbps]| is provided in [24]. From these data all the parameters needed by our traffic model
can be obtained as shown in [6].

In this application example, results for the QoS flows revenue W are presented for
three values of a compensation parameter a: o = 0.0 corresponds to a deterministic
situation; o = 0.5 is the compensation parameter when calls arrive according to a Poisson
process, service times follow an exponential distribution and the network is critically
loaded; and v = 1.0 is used for traffic flows with higher ‘variability’.
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Table 2: Service features on the test network M

Service Class | d’, [kbps] | ds [channels] | wg | hs [8] | Ds [arcs] | ms
1 - video QoS 640 40 | 40 600 31 0.1
2 - Premium data | QoS 384 24 | 24 300 410.25
3 - voice QoS 16 11 1 60 31 04
4 - data BE 384 24124 300 710.25

For further details on the application of this traffic model to the network case study
under analysis, see [6].

4.2 Analytical Results

In the analytical study, the heuristic HMOR-S2pas was run only once. For the archived
routing plans obtained at the end of this single run, values for all the objective functions
are computed and the “best” possible solution in the best possible preference region is
chosen to be the final solution of the algorithm, using a reference point-based procedure
as the solution selection mechanism.

Two different sets of tests were conducted:

e (i) tests: the initial solution is the same as the one used in the basic heuristic HMOR-
S2 runs, a solution which is typical of Internet routing conventional algorithms. In
this initial solution, only one path for each flow (i.e. without an alternative path)
is considered. The initial solution is the same for all the services s € S and the
paths are symmetrical. The path for every flow f; is the shortest one (that is, the
one with minimum number of arcs); if there is more than one shortest path, the
one with maximal bottleneck bandwidth (i.e. the minimal capacity of its arcs) is
chosen; if there is more than one shortest path with equal bottleneck bandwidth,
the choice is arbitrary.

o (f) tests: the initial solution of the HMOR-S2pag heuristic is the routing plan ob-
tained at the end of the basic heuristic runs for each specific . The aim is to check
whether this heuristic variant can improve the quality of the final solutions obtained
with HMOR-S2 as an alternative to the direct use of the heuristic variant (as in the
case of the (i) tests).

The analytical results concerning W were compared with results obtained with the
previous heuristic HMOR-S2 [15] and with the model proposed in [24].

The experiences with the HMOR-S2psg were conducted with an archive of size 5. The
results displayed in table 3 were obtained in approximately 47s on average in a Linux
environment on a Pentium 4 processor with 3GHz CPU and 1GB of RAM.

In table 3, two different comparative analysis can be performed. For HMOR-S2ps(i),
the initial solution is the same as the one used in the corresponding basic heuristic so the
table allows for a comparison of the final results obtained with HMOR-S2 and HMOR-
S2pas. As for the PAS(f) version, the initial solution has the objective function values
displayed in the table under HMOR-S2 (Basis) so that a comparison of the initial and
the final results with HMOR-S2pas can be performed. The best values for the objective
functions are in bold. The table also shows the results obtained for W as a percentage
of the upper bound optimal value given in [24].
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Table 3: Objective function values for the final solution for HMOR-S2, HMOR-S2pas(i)

and HMOR-S2pas(f), for different traffic matrices

Objective || HMOR-S2 HMOR-S2pas
Functions (Basis) (1) | (f)
a=0.0
Wo 64731.51* 64848.17¢ | 64905.26%
Bim| 0.0898 0.0803 0.0752
B 0.0898 0.0803 0.0752
Bmajo 0.0199 0.0189 0.0184
Bsjo 0.00216 0.00190 |  0.00184
Bano 0.691 0.706 0.708
B 0.0723 0.101 0.103
Busio 0.0287 0.0299 0.0301
Wg 17007.15 17018.80 17039.20
a=0.5
Wq 60569.09F 60694.00e | 60739.760
Bimio 0.0424 0.0311 0.0278
B 0.0424 0.0311 0.0278
Bma(o 0.00534 0.00347 | 0.00230
By 0.00119 0.000867 | 0.000857
Binjo 0.628 0.629 0.629
B 0.0432 0.0206 0.00959
Bursig 0.0243 0.0244 0.0244
Wg 16904.99 16898.77 16685.60
a=1.0
Wo 56100.60% || 56106.7800 | 56106.51®
Burmio 0.0263 0.0257 0.0256
B0 0.0263 0.0257 0.0256
B 0.00515 0.00495 0.00499
B30 0.000560 0.000564 0.000567
Binjo 0.544 0.556 0.556
Burig 0.0185 0.0178 0.0186
Busio 0.0193 0.0200 0.0200
Wg 16479.60 16464.68 16465.58

HMOR-82: *)99.35%; 1)99.57%; 1)99.58% of W§** (the optimal revenue in [24]);
HMOR-S2pas(i): ©)99.53%; ©)99.78%; [0)99.59% of W&,
HMOR-S2p,s(f): %)99.62%; ©)99.85%; ©)99.59% of W5,
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For both versions of the heuristic HMOR-S2p,g, the final results for the upper level
objective functions show an improvement on the ones obtained with the basic heuristic,
for all the values of . As the PAS variant takes practically the same time to run as
the basic heuristic and provides better results for W and By g, it can be considered a
better approach for solving the routing problem. Plus, its use on a second stage of the
resolution of the routing problem (after the basic heuristic has been used on a first stage)
tends to provide even more interesting results. In fact, a run of the basic heuristic HMOR-
S2 followed by a run of the PAS variant ((f) version) provides improved results for the
first level functions for the routing problem under analysis for &« = 0.0 and o = 0.5, which
correspond to higher overload situations. For o = 1.0, the results of the (i) and the (f)
versions are two non-dominated solutions in terms of the values of the first level functions,
and they are practically the same and very similar to the ones of the basic heuristic. Of
course more thorough studies could be conducted, in particular with different values of
the tunable parameters for the variant. Also note that the best results obtained with the
heuristic variant are more than 99.5% of the optimal value Wy,.

These results can also be compared with those obtained with the meta-heuristics
HMOR-S254 and HMOR-S2rg [14], which are reviewed in table 5 (see Appendix B). No
bold or italic styles are used in this table.

The first level objective function values obtained with the SA variant of the basic
heuristic are worse than the ones obtained with HMOR-S2pas, both for the (i) and the
(f) version. Plus, the HMOR-S2g, takes a lot longer to run. Therefore, the PAS variant
can be clearly considered better than the SA variant.

A comparative analysis of the first level objective function values obtained with the
TS and the PAS variants of the basic heuristic can also be performed. For the (i) version
with o = 0.0 and o = 0.5, the results for Wg and By, g are better with the PAS variant.
In fact, in this situation the results with the HMOR-S2pag are an improvement on the
result values of the basic heuristic, while the results with the HMOR-S21g are worse than
the ones obtained with the basic heuristic. For the (i) version with o = 1.0 and for the (f)
version, the results for Wg and By are slightly better with the TS variant. However,
as the HMOR-S21g takes a lot longer to run than HMOR-S2psg, then the PAS variant
can be considered globally more advantageous than the TS variant.

Globally speaking, we consider HMOR-S2pas and especially the (f) version to be a
procedure better than the basic heuristic and the two meta-heuristic variants, for solving
the very complex routing problem P-M2-S2.

4.3 Simulation Results

After the analytical experiences were performed, simulation experiences, with a static
routing method using the solution provided by the heuristic, were also carried out. This
simulation study enables the validation of the routing model results and the evaluation of
the errors intrinsic to the analytical model which provides the estimates for the objective
functions.

A discrete-event stochastic simulation platform was used with the static routing model,
where the routing plan is the final solution obtained after the (i) or the (f) version for
the PAS variant was run. This routing plan does not change throughout the simulation
regardless of the random variations of traffic offered to the network. The simulation starts
with an initialisation phase that lasts for a time ¢,,q,m—up, that should be long enough to
guarantee that the system state at the end of the initialisation phase is representative of
the steady state behaviour of the system. After this time, information on the number of
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offered calls and carried calls in the network for each flow f, s € S, is gathered, until the
end of the simulation. With this information, B(f),Vs € S and subsequently, the values
of the upper and lower level objective functions related to blocking probabilities can be
estimated. The calculation of the expected revenues is based on the number of carried
calls in the network.

In table 4, the analytical values of each objective function are displayed, together
with the simulation results (average value + half length of a 95% confidence interval,
computed by the independent replications method [20]) for these functions. The bold
style indicates that the statistical estimate of an objective function value obtained with
one of the versions of the PAS variant is the same or better than the corresponding value
obtained with the basic heuristic. The italic style indicates that a simulation result is
better than the corresponding analytical value. The revenue values have 2 decimal places
and the blocking probability values have 3 significant figures. The results displayed in
the table were obtained with a total simulated time t;,;,; = 48h and a warm-up time
twarm—up = Sh. It took almost 2h to get these results in the computer mentioned earlier.

The analytical results and the corresponding static routing model simulation results
are of similar magnitude, but the analytical results tend to be better, as expected. This is
especially noticeable in situations of lower traffic loads (which correspond to higher values
of « in this routing problem application example). In fact, only for the simulations with
a = 0.0 did we get a result where an upper level objective function analytical value was in
the corresponding confidence interval and had a value worse than the corresponding static
routing model simulation result. The differences between the simulation and analytic
results are mainly due to the imprecisions/inaccuracies intrinsic to the analytic/numerical
resolution, in particular those associated with the simplifications of the traffic model, and
the associated error propagation. As the overflow traffic is treated as Poisson traffic, the
analytical model is actually a simplification which tends to underestimate the blocking
probabilities in the network (and to overestimate the revenues). The errors resulting from
this simplification propagate throughout the complex and lengthy numerical calculations
associated with the resolution, for a great number of times, of the large systems of implicit
non-linear equations used to calculate By, and CSS(B). Further simplifications were assumed
in the stochastic model for the traffic in the links, namely a superposition of independent
Poisson flows and independent occupations of the links. If a more accurate and realistic
representation of the traffic flows was used, better estimates of the blocking probabilities
would be achieved (see [8], for example). Nonetheless, the approximations in our model
can be considered appropriate in this context for practical reasons. In fact, if more
complex models were used to represent the traffic and to calculate the blockings in overflow
conditions, the computational burden would be too heavy since the analytical model
has to be numerically solved many times during the execution of the heuristic and the
routing method would become intractable. Moreover, these errors do not compromise
the inequality relations between the objective function values, as the aim of the routing
optimisation procedure is just the comparison of routing solutions in terms of the values
of the objective functions. That is, the focus is on the relative value of the results of the
traffic model rather than on the absolute accuracy of such values.

A comparison of the results obtained with the basic heuristic and with both versions of
the PAS variant shows that the analytical and simulation results are coherent, in the sense
that whenever the analytical value of an objective function is better for the (f) version
than for the (i) version, the same tends to happen with the average values obtained with
the static routing model simulation.
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Table 4: Average objective function values with 95% confidence intervals, for simulations with the routing plan obtained with the HMOR-
SQPAs(i) and the HMOR—S2pAs<f)

ObjeCtiVG HMOR-S2 HMOR—SQPAS (1) HMOR—SQPAS (f)
Functions || Analytical ‘ Static routing model Analytical ‘ Static routing model Analytical ‘ Static routing model
Results for a = 0.0
Wo 64731.51 64642.53+64.17(0.10%) 64848.17 64733.71+63.18(0.10%) 64905.26 64774.12+68.28(0.11%)
Barmlg 0.0898 0.0887+0.00336(3.79%) 0.0803 0.0811+0.00299(3.69%) 0.0752 0.0773+0.00356(4.61%)
Brg 0.0898 0.0887+0.00336(3.79%) 0.0803 0.0811+0.00299(3.69%) 0.0752 0.0773+0.00356(4.61%)
Br2ig 0.0199 0.024640.000647(2.63%) 0.0189 0.0238+0.000634(2.66%) 0.0184 0.0236+0.000576(2.44%)
Bon3jq 0.00216 | 0.00226+0.0000663(2.93%) 0.00190 | 0.00205+0.0000491(2.40%) 0.00184 | 0.00200+0.0000499(2.50%)
B 0.691 0.684+0.00802(1.17%) 0.706 0.703+0.00982(1.40%) 0.708 0.706+0.00912(1.29%)
B 0.0723 0.0843+0.00242(2.87%) 0.101 0.1144-0.0124(10.90%) 0.103 0.11040.00600(5.45%)
Barsig 0.0287 0.0291+0.000206(0.71%) 0.0299 0.0302+0.000274(0.91%) 0.0301 0.0303+0.000146(0.48%)
Wg 17007.15 16982.33+37.02(0.22%) 17018.80 16992.82+39.09(0.23%) 17039.20 17017.10+39.32(0.23%)
Results for a = 0.5
Wao 60569.09 60491.22450.79(0.08%) 60694.00 60606.56+57.00(0.09%) 60739.76 60676.12+61.43(0.10%)
Barm|g 0.0424 0.0460+0.00163(3.54%) 0.0311 0.0356-£0.00145(4.08%) 0.0278 0.0306+0.00145(4.73%)
Boijg 0.0424 0.0460+0.00163(3.54%) 0.0311 0.0356+0.00145(4.08%) 0.0278 0.0306+0.00145(4.73%)
Bl 0.00534 0.00809+0.000328(4.06%) 0.00347 0.00637+0.000289(4.53%) 0.00230 0.00463+0.000355(7.67%)
Bon3jq 0.00119 | 0.00126+0.0000403(3.20%) 0.000867 | 0.000947+0.0000223(2.36%) 0.000857 | 0.000922+0.0000167(1.81%)
Barg 0.628 0.631+0.0151(2.40%) 0.629 0.632+0.0153(2.42%) 0.629 0.626+0.0196(3.14%)
Barag 0.0432 0.0503+0.00266(5.29%) 0.0206 0.0263-0.00237(9.00%) 0.00959 0.0158+0.00216(13.67%)
Barsig 0.0243 0.0245+0.000196(0.80%) 0.0244 0.0245-+0.000213(0.87%) 0.0244 0.0245-+0.000261(1.07%)
Wg 16904.99 16899.02+38.69(0.23%) 16898.77 16896.50+38.25(0.23%) 16685.60 16696.08+40.87(0.24%)
Results for o = 1.0
Wao 56100.60 56027.72446.92(0.08%) 56106.78 56035.09+47.22(0.08%) 56106.51 56036.04+45.53(0.08%)
Barm|g 0.0263 0.0281+0.00126(4.48%) 0.0257 0.0276-+0.000989(3.58%) 0.0256 0.0274+0.00174(6.36%)
Boijg 0.0263 0.028140.00126(4.48%) 0.0257 0.0276-+0.000989(3.58%) 0.0256 0.0274+0.00174(6.36%)
Br2ig 0.00515 0.00832+0.000685(8.23%) 0.00495 0.00804+0.000662(8.24%) 0.00499 0.00805+0.000619(7.70%)
Bu3ig 0.000560 | 0.000637-+0.0000154(2.42%) 0.000564 | 0.000638+0.0000153(2.41%) 0.000567 | 0.000643+0.0000157(2.45%)
Barg 0.544 0.547+0.0281(5.13%) 0.556 0.557+0.0304(5.46%) 0.556 0.552+0.0304(5.50%)
Barag 0.0185 0.0325+0.00353(10.88%) 0.0178 0.0307+0.00251(8.17%) 0.0186 0.0310-+0.00318(10.28%)
Barsig 0.0193 0.0195+0.000167(0.86%) 0.0200 0.0201+0.000183(0.91%) 0.0200 0.0201+0.000295(1.47%)
Wn 16479.60 16453.09+17.05(0.10%) 16464.68 16437.83+16.40(0.10%) 16465.58 16436.454+17.45(0.11%)




5 Conclusions and Further Work

In this work a hierarchical bi-level multiobjective routing model in MPLS networks with
alternative routing, with two classes of service (with different priorities in the optimisation
model) and different types of traffic flows in each class, was reviewed. A specialised heuris-
tic strategy, HMOR-S2, for finding “good” compromise solutions to this very complex
routing optimisation problem, was also reviewed. Sensitivity tests performed on HMOR-
S2 showed that in some cases there were “better” solutions to the routing problem that
the basic heuristic was unable to deliver as the final result. Therefore, new variants that
could possibly find solutions “better” than the ones obtained with the HMOR-S2 basic
heuristic were devised. In this work, a variant of the previous heuristic, HMOR-S2 with
a Pareto Archived Strategy, was put forward. This new procedure maintains the resolu-
tion framework of HMOR-S2 but introduces and treats in a special manner an archive of
possible good solutions found throughout the execution of the heuristic.

The analytical results obtained with the new variant were compared with the optimal
values for the QoS service expected revenue in the benchmarking case study [24] and
with the values obtained with the basic heuristic HMOR-S2 [15]. The results show that
the HMOR-S2pas(i), where an archive of non-dominated solutions found throughout the
execution of the specialised basic heuristic HMOR-S2 is introduced, leads to better results
for the upper level objective functions. Moreover, the version HMOR-S2pas(f) can be even
more advantageous in the search for improvements of the final solution obtained with the
basic heuristic. In this version, a run of the basic heuristic HMOR-S2 followed by a run
of the variant tends to provide improved results for the routing problem.

A more exact evaluation of the results of the heuristic was accomplished with a
discrete-event simulation platform, in a stochastic environment closer to real network
working conditions. In most cases, the analytical results obtained with the HMOR-S2 or
the HMOR-S2ps(i)/(f) are not inside the 95% confidence interval of the static routing
model simulation results, although they are of similar magnitude, due to the inaccuracies
intrinsic to the analytic/numerical resolution, namely those associated with the simplifi-
cations of the traffic model, and the associated error propagation.

It is important to note that this variant has not added a greater complexity to the
basic heuristic. Nevertheless, the computational burden of either resolution approach is
still heavy. This remains the major limitation of this type of routing method and restrains
its potential practical application, at present, to networks with a limited number of nodes,
such as the core and intermediate (metro-core) level networks of low dimension.

Further work on this model will focus on the search for possible simplifications and
improvements in the heuristic resolution approaches. Also the extension of the model to
broader routing principles such as probabilistic load sharing or traffic splitting might be
studied and tested.
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A Formalisation of the Heuristic HMOR-S2pag

I. R, — R,
II. Compute B and Wq, Burmg for R,
II1. WCOQ — WQ, B&m\Q — BMm\Q
IV. R, — R,
V. Compute B for R,
Compute Wg, Barm|qs Bms|o: Busjo(Vs € Sg), W for R,
min{ Bys|0} < Bms|g, min{ B} «— Busjo(Vs € Sg) and max{Wg} «— W
VII. Add R, to the archive
VIIL. For nPaths = |F| to nPaths = 1

1. For ape =0 to ape = 1

(a) If ape = 0, zapg < 1.0
Else, zapr < 0.01 - nPaths
(b) For s =1 to s = |S]|
i. For nCycles =1 to nCycles = 0

A. Compute B and ¢¥, s € Sg or ¢, s € Sp for R,

B. Compute and order the values of the function &£(fs), with &(fs) =
Fr(fs) if nCycles =1 and £(fs) = Fg(B)(fs) if nCycles =0

C. Find the nPaths flows with lower value of &( f5)

D. Compute with MMRA-S2 new candidate paths for the corresponding
O-D pairs and define a new set of first and second choice paths for the
service s, R,(s), according to the rules established for each service

E. Compute B for R,

Compute B0, Busjg if s € Sg or Wg if s € Sg for R,
Compute Wq, Bum|g
F. If s € §¢g then
o If [(Bhsjo < min{B,,;0} and B < min{Byyg}) and (Wg >
max{Wg} and Bsmo < min{Bam|g})] then
— min{Bysi0}  Bimsj, min{ Bassjo} < Busio
— max{Wq} — Wo, min{Bym|o} < Bumiq
— Ru(s) < Ra(s)
— Add R, to the archive (If it is already full, the priority regions of

the solutions in the archive must be evaluated and the first solution
found in the worst region of the archive should be removed first.)
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e Else,
— If [(Bimsjg > min{By,50} and Bagsg > min{Baso}) and (W <
max{ Wy} and Bysmg > min{ B o})]
* (Discard R,)
— Else,
* If there is at least one solution X in the archive for which
[(Brsiq > Bmsi(X) and Buygq > Busj(X)) and (Wo < Wo(X)
and Barm|g > Bumio(X))], i.e. X dominates R, in terms of the
objective functions of interest,
1 (Discard R,)
* Else (R, and the solutions in the archive are non-dominated)
1 If the archive is not full,
T Add R, to the archive
1 Else
1 Evaluate the priority regions of R, and the solutions
in the archive;
1 If R, is in the worst priority region,
o (Discard R,)
T Else,
o Remove the first solution found in the worst region
of the archive;
o Add R, to the archive
G. Else (s € Sp)
o If[(Wp > max{Wp})and (Wg > max{Wy} and Bmjo < min{Bam|g})]
then
— max{Wp} «— Wp
— max{Wg} « Wo, min{Bamio} < Bumio
— R.(s) < Ra(s)
— Add R, to the archive (If it is already full, the priority regions of

the solutions in the archive must be evaluated and the first solution
found in the worst region of the archive should be removed first.)
o Else,
= If [Wp < max{Wp}) and (Wy < max{Wy} and Byy,q >
min{ Buria})]
* (Discard R,)
— Else,
*If there is at least one solution X in the archive for which [(Wg <
WB(X)) and (WQ < WQ(X) and BMm\Q > BMm|Q(X))], ie. X
dominates R, in terms of the objective functions of interest,
1 (Discard R,)
* Else (R, and the solutions in the archive are non-dominated)
1 If the archive is not full,
T Add R, to the archive
1 Else
1 Evaluate the priority regions of R, and the solutions
in the archive;
1 If R, is in the worst priority region,
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o (Discard R,)
T Else,
o Remove the first solution found in the worst region
of the archive;
o Add R, to the archive
H. R.(s) « R.(s)
End of the cycle For (nCycles)
End of the cycle For (s)

End of the cycle For (ape)

End of the cycle For (nPaths)
IX I WG > max{Wg} or By, o < min{Bumq} then

1. The best solution is R,.
X. Else,
1. Evaluate the priority regions of the solutions in the archive;

2. The final solution is found in the best region of the archive, using a reference point-
based procedure.

XI. Compute the objective function values for the final solution.

B Results Obtained with the Meta-Heuristics HMOR-
SZSA and HMOR-S2TS
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Table 5: Analytical objective function values obtained with the HMOR-S2g4 (i) and (f) and the HMOR-S21g(i) and (f), and average
objective function values with 95% confidence intervals, for simulations with the routing plan obtained with the HMOR-S2g4 (f) and the

HMOR-S215(f)

HMOR-S2g4 HMOR-S2g

Objective | (i) version (f) version (i) version (f) version
Functions | Analytical | Analytical ‘ Static routing model Analytical | Analytical ‘ Static routing model

Results for a = 0.0
Wq 64517.97 | 64795.66 64704.03+72.85(0.11%) 64619.61 | 64915.35 64781.554+67.82(0.10%)
Bamig 0.107 0.0843 0.0830+0.00389(4.68%) 0.116 0.0731 0.074940.00316(4.22%)
B 0.107 0.0843 0.0830+0.00389(4.68%) 0.116 0.0731 0.074940.00316(4.22%)
B 0.0218 0.0194 0.024240.000551(2.27%) 0.0105 0.0189 0.024340.000609(2.51%)
B 0.00283 0.00206 | 0.00216+0.0000624(2.89%) 0.00480 0.00179 | 0.0019640.0000485(2.47%)
B 0.673 0.700 0.68740.0119(1.74%) 0.854 0.721 0.71440.0180(2.52%)
B 0.115 0.0811 0.092340.00377(4.09%) 0.0434 0.0953 0.10640.0107(10.05%)
Busg 0.0274 0.0295 0.029840.000171(0.57%) 0.0467 0.0312 0.031540.000236(0.75%)
Wg 17662.81 17121.51 17102.41+40.75(0.24%) 17489.36 | 17163.01 17137.81+49.80(0.29%)

Results for a = 0.5
Wq 60569.09 | 60724.32 60655.124+60.57(0.10%) 60162.90 | 60751.77 60655.33+57.72(0.10%)
Burmio 0.0424 0.0289 0.032040.00162(5.08%) 0.0805 0.0258 0.0308+0.00104(3.39%)
B 0.0424 0.0289 0.0320+0.00162(5.08%) 0.0805 0.0258 0.030840.00104(3.39%)
Bingiq 0.00534 0.00270 0.00521+0.000329(6.32%) 0.0104 0.00259 0.00577+0.000269(4.66%)
Bz 0.00119 | 0.000854 | 0.000927+0.0000182(1.96%) 0.00254 | 0.000744 | 0.000838+0.0000167(2.00%)
B 0.628 0.619 0.61540.0210(3.41%) 0.742 0.634 0.6371+0.0157(2.46%)
Buag 0.0432 0.0108 0.017940.00201(11.27%) 0.0385 0.00769 0.013940.000742(5.35%)
Busiq 0.0243 0.0237 0.023940.000117(0.49%) 0.0330 0.0246 0.024840.000278(1.12%)
Wg 16904.99 | 16738.50 16752.53+39.75(0.24%) 17664.88 | 16905.73 16905.09439.59(0.23%)

Results for o = 1.0
Wo 56100.60 | 56100.60 56027.72+46.92(0.08%) 56191.34 | 56109.97 56038.54+47.33(0.08%)
Bmio 0.0263 0.0263 0.028140.00126(4.48%) 0.0179 0.0252 0.0269+0.00126(4.70%)
B 0.0263 0.0263 0.028140.00126(4.48%) 0.0179 0.0252 0.0269+0.00126(4.70%)
B 0.00515 0.00515 0.00832+0.000685(8.23%) 0.00266 0.00494 0.00806+0.000648(8.04%)
Bz 0.000560 | 0.000560 | 0.0006374+0.0000154(2.42%) 0.000430 | 0.000555 | 0.0006334-0.0000168(2.65%)
Bung 0.544 0.544 0.547+0.0281(5.13%) 0.489 0.556 0.558+0.0192(3.45%)
Bz 0.0185 0.0185 0.032540.00353(10.88%) 0.00955 0.0177 0.031240.00331(10.60%)
B 0.0193 0.0193 0.0195+0.000167(0.86%) 0.0165 0.0200 0.0202+0.000307(1.52%)
Wg 16479.60 | 16479.60 16453.09+17.05(0.10%) 16288.89 | 16464.83 16438.454+18.54(0.11%)




