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Abstract The design of dynamic Label-Switched Paths (LSP’s) in MultiProtocol

Label Switched (MPLS) networks is an NP-hard optimization problem. An LSP is a

logical path between two nodes in the network. This path has a pre-reserved amount

of bandwidth that defines its size. The LSP design problem consists of determining

the number of these logical links and configuring the physical path and the size of

each LSP. This paper presents an optimization model based on game theory. In this

approach, connection requests are modeled as competitive players in a noncooperative

game context. The transport network bandwidth constitutes the resource for which

optimization is sought. The outcome of this optimization is a set of LSPs upon which

the competing connections are routed.

Keywords Noncooperative games . MPLS tunnel dimensioning . Mixed-integer

nonlinear optimization . Nash equilibrium . Stackelberg equilibrium

1 Introduction

Modern computer networks are large-scale systems that carry a wide variety of traffic

classes, such as video, audio and computer data, each with its own characteristics

and quality of service requirements. Supported applications range from simple file

transfers to resource demanding multimedia services such as video-conferencing and

network management schemes.
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Label-Switched Paths (LSP’s) are used in MultiProtocol Label Switched (MPLS)

networks as a mechanism for traffic control. The LSP can be viewed as a pre-established

logical route through the network with dedicated bandwidth onto which individual

connections are multiplexed. LSP’s considerably simplify the hardware in the transit

nodes, provide simple flow admission control and reduce the set-up delays. However,

the use of LSP’s also increases the call blocking rate and reduces the degree of capacity

sharing in communication networks (Awduche and Rekhter, 2001; Awduche et al.,

2000; Ghizzi et al., 2004; Goyal and Bellur, 2005; Hussain, 2004; Medrano et al.,

2004; Rosen et al., 2001; Shi and Mohan, 2004).

Pricing in telecommunications networks is an ongoing reseach topic to enhance

network throughput and increase revenue. Recent work related to network pricing

models can be found in Blefari-Melazzi et al. (2000), Marbukh and Moayeri (1999),

Xinjie and Subramanian (2000), Courcoubetis et al. (2001), Campos-Nanez and Patek

(2003) and Jin and Kesidis (2005).

In the network design phase, the LSP capacity allocation is an NP-hard opti-

mization problem (Aneroussis and Lazar, 1996; Aydemir and Viniotis, 1996; Fayek,

2001; Gerstel et al., 1996; Lim and Chae, 2001). A variety of approaches that aim

to find the near-optimal LSP configuration in MPLS networks is found in the lit-

erature. Recently, this problem was viewed from a game perspective, where dif-

ferent connection requests are considered as “selfish” users competing for the net-

work resources (Almendral et al., 2004; Anandalingam, 1997; Aresti et al., 2004; Jin

and Kesidis, 2003; Korilis et al., 1997b; Liu and Simaan, 2005; Marbukh, 2001;

Yaïche et al., 2000). The self-optimizing behaviour of the users leads to a dy-

namic behaviour of the network. Game theory provides the systematic framework

to study and understand the behaviour of noncooperative users in communication

networks. A game models situations where individuals with different, and at times

conflicting, interests interact. The operating points of a noncooperative network

are the Nash equilibria of the underlying game, that is, the points where unilat-

eral deviation does not help any user to improve his performance. In the case of

games with relative priorities, where one or some users have precedence in select-

ing their game strategy, the operating point is then called a Stackelberg equilibrium

(Başar and Jan Olsder, 1995).

In large-scale networks, the information processing becomes unmanageable due

to the network size. Conceptually organizing the network into several hierarchical

levels has been shown to be beneficial for information handling purposes (The ATM

Forum, 1996; Sullivan and Callon, 1994). Decentralized control algorithms provide

the overall network management.

In this paper, we present an approach for LSP allocation in large-scale MPLS

networks, based on a game-theoretic framework. This paper is organized as follows.

An introduction was given in Section 1. Section 2 provides the context and background

for the LSP allocation problem found in the literature. Section 3 presents the core of this

work by first summarizing some game-theory related definitions. Then it presents the

problem formulation of the LSP allocation developed in this research. In Section 4, an

analytical comparison between the classical and game-based approaches is conducted.

The simulation results of experiments that are using the different models are reported

for comparison purposes. Finally, Section 5 summarizes the findings in the previous
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section and concludes by justifying the benefits of using the presented approach over

the classical one.

2 Context and background

MultiProtocal Label Switched networks were brought in to bridge the gap between

the Internet Protocol IP running on both Asynchronous Transfer Mode (ATM) and IP

routers. The purpose is to offer seamless network management that is independent of

the physical layer equipment. Communication in ATM networks is based on fixed size

packets called cells. In fact, the MPLS label can be carried in the Virtual Path Identifier

(VPI) field of ATM cells (Lee and Choi, 2001; Rosen et al., 2001; Trimintzios et al.,

2003; Xiao et al., 2000; Xiao and Ni, 1999). In this case, when multiple Virtual Paths

are grouped into one, a label merging process occurs on the MPLS level. A connection,

on the other hand, is composed of a sequence of cells created by a node in the network,

the source node, and received by a destination node. This renders ATM and hence

MPLS networks connection-oriented by design. When a connection is admitted into

the network, a virtual circuit or virtual channel (VC) is established along the path

chosen to route the connection between the given Source-Destination (SD) node pair.

In ATM networks, the cell loss requirement is considered the most stringent and

usually dominates other performance requirements (Lin and Cheng, 1993). Conse-

quently, the Virtual Path (VP) concept was introduced, and was shown to be a power-

ful transport mechanism for ATM networks (Ahn et al., 1994; Aneroussis and Lazar,

1996; Chlamtac et al., 1993; Gerstel et al., 1996; Hadama et al., 1994; Lin and Cheng,

1993). By allowing VCs to be bundled together in a single larger logical unit, the

VP, the results are (i) smaller total processing requirements, (ii) faster processing per

circuit and (iii) significant improvement in use of network resources. More than 90%

of processing time can be saved when VCs are routed on VPs rather than processed

individually (Chlamtac et al., 1993; Xiao et al., 2000). The down-side, however, is an

increase in loss rates since the overall resource sharing degree is reduced due to the

pre-reserved capacity in VP’s, and consequently a decrease in network revenue.

The VP distribution problem was proven to be an NP-hard (Ahn et al., 1994;

Aneroussis and Lazar, 1996; Chlamtac et al., 1993) optimization problem. Similarly,

the LSP dimensioning problem (that is basically a classical VP distribution in ATM

networks) is NP-hard and can be described as follows. Given the network topology, the

effective capacities of network links, the capacities of the signalling processors, and

the matrix of offered load, calculate the routes and capacities of LSP’s in the network

such that the following requirements are satisfied:

1. The sum of LSP capacities on each link does not exceed its effective capacity.

2. The signalling load on each signalling processor is below a predefined upper bound.

3. The call blocking rate of each SD pair is below a predefined upper bound (also

referred to as the SD blocking constraint).

4. The network revenue is maximized under the above constraints.

The Poisson model is adequate for modeling the connection-level behaviour in

broadband networks (Kelly, 1991; Ross, 1995; Wolff, 1989). Therefore, it is widely

used to model the call arrival process in current telephone networks. Practically, when
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sampling over a given period of the day characterized by intense traffic, the interarrival

times between successive connections are independent from each other and from

the holding times of calls. They are usually modeled by a collection of independent

identically distributed random variables following an exponential distribution. The

arrival process therefore belongs to a Poisson distribution (Wolff, 1989). The results

of interest to our model are summarized in the following discussion.

The Danish mathematician, A. K. Erlang studied the problem of telephone calls

arriving at a link comprising C circuits as a Poisson process with rate λ. With each

call holding a circuit for an independent exponentially distributed time with mean 1/μ

and by defining the “traffic intensity” ρ = λ/μ, Erlang published his famous formula,

E(ρ, C) =
ρC

C!∑C
n=0

ρn

n!

(1)

for the loss probability of a telephone system (Brockmeyer et al., 1948). A call is

blocked and lost if all C circuits are occupied, and call holding times are independent

of each other and of arrival times, in addition, they are identically distributed with

mean 1/μ.

To find the blocking probability Lr on a route r comprised of J links, Erlang

also established the following relation known as the “Erlang fixed-point approxima-
tion” (Kelly, 1991):

1 − Lr ≈
∏
j∈r

(1 − E j ) (2)

where

E j = E(ρ j , C j ), j = 1, 2, . . . , J

and E is Erlang’s formula given by Eq. (1).

3 Non-linear programming model

In the previous section, we presented the Lable-Switched Path optimization problem

using a classical approach in solving LSP dimensioning. This model is based on

maximizing a single objective function representing the total network revenue.

In the present section, we present a different approach to solve the same problem.

The approach discussed here is based on game-theoretic formulation. The framework

is based on hierarchical organization of large-scale MPLS networks (Fayek et al.,

1999). A large network is composed of subnetworks that can themselves be composed

of even smaller subnetworks. A conceptual layered (hierarchical) organization results

in which each subnetwork is represented by a node in a parent hypernode. In essence,

the original physical network is at the bottom of the hierarchy, i.e., at layer 1.

Each subnetwork (or hypernode) is optimized individually based on the traffic pat-

tern where connections can be either: (i) generated by a source node in the subnetwork,
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(ii) arriving at a destination node or (iii) transiting the subnetwork. For the last cate-

gory, the transit traffic is passed down by the subnetwork’s parent node for resolving

the routing details within the subnetwork. The optimization within a subnetwork is

described in Section 3.2. Section 3.1 provides an introductory summary of some def-

initions related to game theory that are relevant to the problem formulation described

subsequently.

3.1 Nash and Stackelberg equilibria

In the subsequent definitions for N -players noncooperative games, the following no-

tation is used:

Definition 1. In a N -player finite game, we call the set-valued function Ri the optimal
response function of player i . It is defined as follows:

Ri (γ−i ) = {ε ∈ �i : J i (ε, γ−i ) ≤ J i (γ i , γ−i ) ∀γ i ∈ �i }

where
N {1, . . . , N } players’ set; i ∈ N
Pi player i
J i cost function of Pi

γ i strategy (decision rule) of Pi

γ−i the (N − 1)-tuple {γ 1, γ 2, . . . , γ i−1, γ i+1, . . . , γ N } of all players’

strategies except Pi

�i strategy space of Pi

To show that a game has a Nash equilibrium, it suffices to show that there is a profile

γ ∗ = {γ 1∗, γ 2∗, . . . , γ N∗} of strategies such that (Başar and Jan Olsder, 1995)

γ i∗ ∈ Ri (γ−i∗) ∀i ∈ N (3)

Equation (3) states that the intersection of the N Ri sets ∀i ∈ N constitutes the set

of Nash equilibrium points. Fixed point theorems (Smart, 1974) provide conditions on

R under which there exists a value of γ ∗ for which γ ∗ ∈ R(γ ∗), i.e. the intersection

of the Ri s is a nonempty set.

Theorem 1. Let � be a compact convex subset of Rn and let R : � → � be a set-
valued function for which Joshi and Bose (1985) and Smart (1974)� for each γ ∈ �, the function R(γ ) is nonempty, convex and assigns a closed and

convex subset of �,� the function R(γ ) is upper-semicontinuous for all γ ∈ �,

then there exists at least one γ ∗ ∈ � such that γ ∗ ∈ R(γ ∗).

The Nash equilibrium solution concept presented above provides a reasonable non-

cooperative equilibrium solution for nonzero-sum games when the roles of the players

are symmetric and there is no single player dominating the decision process. However,
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there are yet other types of noncooperative decision problems wherein one (or more)

player has the ability to enforce his strategy on the other players, and for such decision

problems one has to introduce a hierarchical equilibrium solution concept. The player

who holds the powerful position in such a decision problem is called the leader and

the other players who react rationally to the leader’s decision (strategy) are called the

followers. In games with multi-levels of hierarchy in decision making, the equilibrium

solution is called a “Stackelberg” equilibrium.

Definition 2. In a two-player finite game with P1 acting as the leader and P2 as the

follower, the optimal response of P2 for any strategy γ 1 of the leader is R2(γ 1) given

by Definition 1. γ 1∗ ∈ �1 is called a Stackelberg equilibrium strategy for the leader, if

J 1∗ 	= max
γ 2∈R2(γ 1∗)

J 1(γ 1∗, γ 2) = min
γ 1∈�1

max
γ 2∈R2(γ 1)

J 1(γ 1, γ 2)

The quantity J 1∗ is the Stackelberg cost of the leader, and any element γ 2∗ ∈ R2(γ 1∗)

is an optimal strategy for the follower that is in equilibrium with γ 1∗. The pair

{γ 1∗, γ 2∗} is a Stackelberg solution for the game.

In an attempt to minimize his cost, the leader P1 accounts for the worst case scenario

in response to a given strategy γ 1, by assessing his maximum cost for each strategy

γ 2 ∈ R2(γ 1) and selecting the strategy γ 1∗ that results in the least maximum possible.

This is what the “min max” term in Definition 2 refers to. Here, J 1∗ is no longer only

a secured equilibrium cost level for the leader, but it is the cost level that is actually

attained. Furthermore, if R2(γ 1) is singleton for each γ 1 ∈ �1, then

J 1∗ ≤ J 1
N

In other words, the leader never does worse in a “Stackelberg game” than in a “Nash

game” (Başar and Jan Olsder, 1995).

3.2 Resolving the competition

Let us consider a local subnetwork G(V, L), where V is a finite set of nodes and

L ⊂ V × V is a set of directed links, such that each link l ∈ L has a bandwidth Cl .

Without loss of generality, we assume that at most one link exists between each pair

of nodes, in each direction. For each link l ∈ L , let S(l) denote the node at the starting

point of l and D(l) denote the node at the ending point.

Furthermore, let Ik = {1, 2, . . . , Nk}, k ∈ {1, 2, . . . , K } denote the set of layer (k)

demands competing for the bandwidth within the subnetwork G. In a local layer (k)

subnetwork, the network manager deals with k, k + 1, . . . , K demand types. Recall

that a type-k connection means that it is administered by a layer (k) network manager.

Figure 1 depicts a plausible pattern of traffic demands found in a layer (1) subnetwork.

Let us first define the following variables:

ci
l is the amount of capacity reserved by connection i on link l.

ct
l is the total capacity reserved by all connections on link l, ct

l =∑K
kl=k

∑
i∈Ikl

ci
l

ci is the total capacity reserved by the ith connection on all simple paths (routes)
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1Level       connections

2Level       connections

Level       connections3

Fig. 1 Example of traffic demands in a layer (1) subnetwork, with K = 3

joining the node pair (si , di ), ci = ∑
l:S(l)=si

ci
l .

In Fig. 1, the set of demands constitutes the set of players in a noncooperative Stack-

elberg game:� The strategy space of player i is the capacity vector Ci = {c1
i , c2

i , . . . , cL
i }.� The set of players I3 are the leaders of the game, followed by the set I2 players, and

finally by the followers in the I1 set. The reason for this ordering comes from the

fact that the higher the index of the call, the more revenue it produces. Therefore, the

network manager, at any level, trying to maximize the network’s revenue, assigns

different priorities to the calls according to their index.� A Nash game occurs between the first set of players. The resulting Nash Equilibrium

Point (NEP) is denoted by C3. The links capacities are updated accordingly.� The equilibrium point strategy C3 becomes the leader’s strategy for the followers in

the subsequent I2 set. A second NEP point is reached and is denoted by C2. Note

that C2 ∈ R(C3) (recall Definition 2). Once again, the links capacities are updated.� Finally, the NEP of the I1 players is C1 ∈ R(C2, C3).

Figure 2 outlines the algorithm of LSP dimensioning executed by each local network

manager. In the previous discussion, we assumed that there exists at least one NEP at

each level. In the sequel, we present the validity of this assumption.

Each player i in the set Ik = {1, 2, . . . , Nk} tries to reserve capacity ci
l between

source node si and destination node di on link l subject to the following:� ci
l ≥ 0,� ci
l ≤ Cl where Cl is the capacity of link l,� ∀u �= s, d :

∑
l:S(l)=uci

l = ∑
l:D(l)=uci

l , i.e., the reserved capacity outgoing

from a tandem node must be equal to that ingoing to that node, since an excess in

capacity in any direction is of no benefit.

From the restrictions above, the capacity reservation problem is a network flow

problem (Gibbons, 1985), with the maximum flow being the solution to the problem

of the total capacity that player i can reserve in G.
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Leaders’ strategies determined

Loop until k = index of current level

Calculate Revenue

Start

Stop

k = K

k = k - 1

update links capacites

determine  NEP

For set of players kI

Fig. 2 Functional description of a local network manager

In the game, each player tries to optimize its objective function. In our case, the

objective function for player i is described by:

Ji (C) =
∑
l∈L

Fi
l
(
ci

l , ct
l
) + Gi (ci ), ∀i ∈ Ikl , kl = k, k + 1, . . . , K . (4)

where the Fi
l function accounts for the availability of resources on link l perceived by

the ith connection, whereas the function Gi accounts for the effect that the amount of

reserved capacity has on the performance of that particular connection. The definition

of these two functions is as follows:

Fi
l
(
ci

l , ct
l
) = ci

l · αi

1 − ct
l/Cl

(5)

and

Gi (ci ) =
⎧⎨⎩

1

κi − pi
, if pi < κi

∞, otherwise.

(6)
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where

pi = 1 −
∑

r

λir (1 − Lr )

αi is the price per unit reserved capacity on link l by connection i .

λir the portion of connection i routed on route r .

Lr is the blocking probability on route r (Eq. (2)).

κi < 1 is an upper bound on connection i’s call blocking probability, pi ,

as determined by its QoS requirements.

In the above formulation, the cost function of each player Ji (C) is designed to

possess the following properties. The F function is convex and continuously differ-

entiable with respect to ci
l . Fi

l(ci
l , ct

l) is also monotonically increasing in each of its

two arguments and ∂ Fi
l(ci

l , ct
l)/∂ci

l is nondecreasing with respect to ct
l . Finally, we

can notice that as ci
l → Cl , Fi

l(ci
l , ct

l) → ∞. This limit on the value of ci
l prevents

any connection from exhausting the link resources on its own (Korilis et al., 1997a;

Lazar et al., 1995).

A connection can be routed on any path (or combination of paths) between the

source and destination on which the amount of reserved and unused capacity can

accommodate its demand size. This means that the loss process depends only on the

total amount of capacity reserved by that connection on all paths, and not on the precise

distribution of that capacity among the paths. Consequently, the cost function Gi takes

as its argument the total capacity ci . Due to the nodal conservation of capacities, the

total capacity ci is equal to the sum of capacities reserved on links outgoing from

the source node si (equivalently, the sum of capacities reserved on links ingoing the

destination node di ).

Thus, the Gi function has the following properties (Messerli, 1972). Gi (ci ) is con-

vex, strictly decreasing and continuously differentiable with respect to ci . Moreover,

limci →0 Gi (ci ) = ∞ which indicates that each connection needs some positive amount

of capacity.

By inspection, we can see that the F function guards against the violation of the

link capacity constraint, while the G function is responsible for the blocking constraint

found in the more traditional formulations of the LSP allocation problem (Aneroussis

and Lazar, 1996). In other words, the key elements in this optimization problem are

the link congestion control and the connection’s QoS guarantees expressed in the

functions F and G, respectively.

From the above definitions, we can see that the cost function of each connection

depends on the strategies of all the other connections and we are dealing with a nonco-

operative game situation. Recall that the set of players is composed of the connections

belonging to the same hierarchical kth level. Hence, we are seeking a Nash Equilibrium

solution in each level, starting by the highest level and working through till the lowest.

At each layer (k) of the game, we find that:� By its definition, the game strategy space C is a convex, closed and bounded set.� Furthermore, the cost function of each connection i Ji
k(Ck) is, whenever finite,

continuous in ci
l and convex in ci

l for every fixed value of Cl (Lazar et al., 1995).
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Therefore, based on Theorem 1, the game possesses at least one Nash Equilibrium

point (Başar and Jan Olsder, 1995).

It is worthy to note that in the above formulation, a player can be also thought

of as a user (a major client, or a service provider, renting a portion of the network

bandwidth). Once the NEP solution is reached, the user’s equilibrium strategy ci can

be shared by various types of flows belonging to different traffic classes (e.g., voice,

video, etc, . . .).

4 Analysis

In this section, we present the simulation results comparing the performance of the clas-

sical versus the competitive LSP allocation models (Fayek, 2001). For convenience,

these two models are summarized here.

Revenue Model

(P1) max Rev =
∑
i∈Ikl

αi (1 − pi )

s. t. 1. ct
l =

∑
i∈Ikl

ci
l ≤ Cl ∀l ∈ L

2. pi < κi ∀i ∈ Ikl

3. 0 ≤ ci
l ≤ Cl ∀i ∈ Ikl l ∈ L

Game Model

(P2) min
∑
i∈Ikl

Ji (C)

or min
∑
i∈Ikl

∑
l∈L

Fi
l
(
ci

l , ct
l
) + Gi (ci )

s. t. 1. ct
l =

∑
i∈Ikl

ci
l ≤ Cl ∀l ∈ L

2. 0 ≤ ci
l ≤ Cl ∀i ∈ Ikl l ∈ L

where Fi
l
(
ci

l , ct
l
) = ci

l · αi

1 − ct
l/Cl

and Gi (ci ) =
⎧⎨⎩

1

κi − pi
, if pi < κi

∞, otherwise

Both models are solved in the discrete domain. That is, the ci
l variables take integer

values only. Moreover, the Game Model was solved in the continuous domain (P2′)
There are three networks used to test the models, with three traffic sets each. The

description of both the networks and their traffic sets are summarized in Tables 1 and

2, respectively.
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Table 1 Networks data

Network data Net (1) Net (2) Net (3)

Number of Level (1) Nodes 99 295 432

Number of HyperNodes (Fig. 4): 21 21 21

Number of switches 33 59 72

Number of External Nodes 66 236 360

Total Number of Nodes 120 316 453

Number of level (1) Edges 183 547 783

Number of HyperEdges 47 56 52

Total number of Edges 230 603 835

Table 2 Traffic data for Net (1), Net (2) and Net (3)

Net (1) Net (2) Net (3)

T1 T2 T3 T1 T2 T3 T1 T2 T3

Level (1) connections 67 65 48 359 308 251 553 513 374

Level (2) connections 12 17 32 46 69 117 72 107 177

Level (3) connections 6 13 19 23 47 70 36 72 108

Total 85 95 99 428 424 438 661 692 659

The first network, Net(1), is depicted in Fig. 3. The two conceptual layers of hy-

pernodes and hyperedges built on top of the physical network, Net(1), are shown in

Fig. 4.

The optimization problems, P1, P2 and P2′, were solved using the Tomlab

(Holmström, 1999) software package. Tomlab is an optimization library that runs

in a Matlab environment (Holmström, 1999). The routine glcSolve implements an

extended version of the DIRECT method presented in Jones et al. (1993). DIRECT

handles problems with both nonlinear and integer constraints (Holmström, 1999).

DIRECT is a modification of the standard Lipschitzian approach that eliminates

the need to specify a Lipschitz constant. Since no such constant is used, there is

no natural way of defining convergence, except when the optimal function value is

known. Therefore, glcSolve is run for a predefined number of function evaluations and

considers the best function value found as the optimal one. The optimality percentage

was set to 0.01%, i.e., the best solution is 0.01% from the optimal solution.

There is also the option to restart glcSolve with the final status of all parameters from

the previous run (Holmström, 1999). In general, glcSolve solves global mixed-integer

nonlinear programming problems of the form:

minx f (x)

subject to:

xL ≤ x ≤ xU

cL ≤ c(x) ≤ cU

bL ≤ Ax ≤ bU

xi integer i ∈ Integers
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Fig. 4 First and second layers on top of the physical network Net (1) (Fig. 3)

where x, xL , xU ∈ Rn , c(x), cL , cU ∈ Rm1 , A ∈ Rm2×n and bL , bU ∈ Rm2 .

For each network/traffic-set pair, the glcSolve was run 10 times with “warm-start-

ups”. That is the starting point was deduced from the previous runs. When the best

value for the objective function stops improving, the runs would stop indicating the best

solution obtained. The optimality percentage was set to 0.01%, i.e., the best solution

Springer



Non-linear game models for large-scale network bandwidth management 433

1 2 3
50

55

60

65

70

75

80

85

90

95

100

Traffic Set

T
h
ro

u
g
h
p
u
t%

 (
M

b
p
s
)

Discrete Game Model

all

top

bot

Fig. 5 Throughput values for Net (1) using the discrete game model

is 0.01% from the optimal solution. In most cases, when a feasible solution exists, the

average number of runs did not exceed 5 times.

When a final configuration for LSP allocation was reached, the following perfor-

mance measures were of interest: the total network throughput, the link utilization

distribution and the average run-time values for each model. The throughput is calcu-

lated by:

T H =
(

1 − Blocked requests (Mbps)

Total bandwidth request (Mbps)

)
× 100% (7)

Equation (7) measures the throughput as the ratio of the total bandwidth that is routed

(not blocked) through the network to the total bandwidth requests. The revenue gen-

erated is hence proportional to this quantity.

In Figs. 5 to 7 for each model, discrete revenue, discrete game and continuous

game, three flavours of optimization orders were used. Namely, fair optimization,

in which all connection requests are considered simultaneously during optimization,

i.e., finding a Nash equilibrium (or equilibria) in the case of game models. This first

approach is labeled “all”. The second approach, labeled “top”, is a Stackelberg model

in which a multi-level optimization is used. It begins with connection requests with

higher priorities as the leaders and proceeds through the prioritized list of connections

until they are all considered. The last approach, labeled “bot” for bottom-up, is also

a multi-level optimization with reversed order, i.e., the Stackelberg model treats the

lowest priority connections as the leaders of the game. In the case of the Revenue
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Fig. 6 Throughput values for Net (1) using the discrete revenue model
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Fig. 7 Throughput values for Net (1) using the continuous game model
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model, the same prioritization scheme was used as in the game models for the sake of

comparison.

The link utilization is a performance measure that indicates the flow distribution in

the network. The “smoother” the distribution is, the less the tendency of the crit-
ical links to become congested. In other words, when the network links are not

loaded evenly, some links will service greater flow demands than others and will

be prone to congestiont. The traffic distribution in this case will show spikes at

those overloaded links. Figure 8, gives an illustrative description of the links uti-

lization for Network (1) and using the Top-Down approach in all three cases. When

it comes to the overall links utilization, the continuous model was found to produce

the smoothest distribution among the three models. This is to be expected since the

capacity allocated to each LSP is not restricted to take on integer values. There-

fore, any connection is routed over more links than in the other two discrete cases.

The discrete revenue model comes in second place in that regard. Naturally, as the

traffic load increases, the links utilization distribution gets smoother for all three

models.

The run-time for the experiments conducted for Net (1) are shown in Fig. 9. The

following can be observed in that figure:� In all three cases, the run-time of the “All” order of optimization is greater than the

other two.� The run-time of both the “Top” and “Bot” techniques are similar more or less.� The revenue model is much more time-consuming than the discrete and continuous

game models.

It is worth noting that approximately 80% of the run-time recorded here is due

to file read/write operations. The interface between the Tomlab solver (in Matlab)

and the LSP allocation engine (in a C++ environment) was through input/output

files.

The following results are related to the second and third networks. In the case of

the continuous game model, the number of variables was prohibitively large to the

point that the program could not be run to completion as it ran out of memory in some

situations. In some other situations, the discrete revenue model failed to produce more

than 50% throughput. The results of these runs were discarded from the comparison

of link utilizations.

In Fig. 10, the throughput values under different load conditions are compared

for each mathematical model. As can be verified from the figure, the “Top-Down”

order of optimization faired better than the “All” approach and better or equal to

the “Botton-Up” approach in both discrete models. In the continuous case, how-

ever, the “Bottom-Up” approach was found to be better or equal to the “Top-Down”

approach.

If the throughput comparison is based on the “Top-Down” approach only be-

tween the three mathematical models, it can be observed, from Fig. 11, that the

discrete game model is consistently superior to the other two models under any

load condition. From the experiments, we observed that the amount of routing

information was larger in the Continuous Game model which unavoidably wors-

ened the algorithm performance. In the case of the Revenue model, the nature

of the optimization problem affected the performance. The Revenue model is a
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Fig. 8 Link utilization for

Top-Down approach when used

for Net (1) and under traffic

loads: (a) T1, (b) T2 and (c) T3
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Fig. 9 Run-Time values for: (a) Discrete Game model, (b) Discrete Revenue model and (c) Continuous

Game model

maximization-based objective function subject to non-linear constraints. In contrast,

the Discrete Game model, the non-linearity of the constraints is transported into

the objective function. The minimization-based objective is now subject to linear

constraints.

The link utilizations are compared and Fig. 12 outlines this comparison. As in

the previous scenario, the continuous model offered a smoother distribution than the

discrete game model. The discrete revenue model values can be discarded since some

of them resulted in less than 50% throughput. Therefore they do not reflect the real

figure of the total number of links utilized nor the utilization distribution, for that

matter.

The run-time for the experiments conducted for Net (2) are shown in Fig. 13. Due

to the fact that the “A” experiment in the continuous case under traffic load T3 did not

run to completion, only the run-time data for the discrete models is shown in the figure.
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Fig. 10 Throughput values

(Eq. (7)) for Net (2) using:

(a) the discrete game model,

(b) the Discrete Revenue model

and (c) the Continuous Game

model
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Fig. 11 Throughput values for Net (2) when using the Top-Down Approach and under increasing traffic

demands

As is observed from Fig. 13(b), the sequential operation of the proposed system under

the discrete revenue model is prohibitively time-consuming, whereas, for the same

problem size, the discrete game model exhibited, not only better throughput, but also

a considerably faster operation, especially when using the multi-level optimization

approach versus the single-level counterpart.

Finally, for the largest network, Net (3), based on the experimental data of the

previous two networks, only the discrete game model was considered and used in

the experiments shown in Fig. 14. In general, it can be observed that the overall

performance in terms of throughput becomes significantly poorer with the increased

network size.

Figure 14 demonstrates the results obtained when comparing the three different

orders of optimization. It can be noticed that the results for the “All” approach and

the traffic set T3 are not reported. This is due to the problem size; a run-time error of

insufficient memory resulted in each time this experiment was conducted. Due to the

network size and the different traffic sizes, the “All” approach is deemed inadequate.

This is due to the fact that, at each iteration, it optimizes the resource distribution among

all traffic classes combined. Whereas, the “Top-down” or “Bottom-up” approaches

proceed in a prioritized fashion, optimizing resources for the flows belonging to a

certain traffic class, one class at a time.

Once again, it can be observed that both the “Top-down” and “Bottom-up” ap-

proaches are equally good in terms of throughput, with the “Bottom-up” being better in

the low traffic loads and the “Top-down”, on the other hand, being better in heavy traffic

load conditions. The reason for this observation is that, in low traffic loads, the lower-

priority flows are considered first by the optimization algorithm which ensures they

get serviced in the beginning. Whereas in the “Top-down”, these lower-priority flows

can experience a percentage of denied-access thus increasing their blocking rate. On

the other hand, in high traffic loads, the majority of flows belong to the lower-priority
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Fig. 12 Link utilization for

Top-Down approach when used

for Net (2) and under traffic

loads: (a) T1, (b) T2 and (c) T3
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Fig. 14 Throughput values for Net (3) (Eq. (7))

classes. Since the higher priority flows are serviced first in the “Top-down” approach,

the overall blocking rate is reduced since the high-volume, low-priority flows do not

start by monopolizing the network resources as they would have in a “Bottom-up”

approach.
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5 Conclusion

In the present work, we presented a description of the problem of Label-Switched

Paths dimensioning in large-scale MPLS networks. The problem formulation for this

work depended on a game-theoretic framework. In this framework, the requests for

bandwidth, i.e., the connections, were modeled as non-cooperative players compet-

ing for the network resources. Two types of game models were used, namely the fair

game or Nash model and the prioritized game or Stackelberg model. The optimization

problem formulated after each of these models was solved in the discrete and contin-

uous domain. In addition, this approach to LSP dimensioning was compared with the

classical approach in which some network revenue function is maximized.

A summary of the experimental results of the previous section is given here:� Under any traffic load and using any of the three described mathematical models,

the multi-level optimization was found to exhibit consistently a better performance

in terms of higher throughput and lower run-time values than the single-level opti-

mization.� Among the three mathematical models, namely, the discrete game model, the discrete

revenue model and the continuous game model, the first model was found to be

superior to the other two.� If the single-level approach is discarded from the comparison, then it can be deduced

from the previous analysis that:

1. Under low traffic loads, the “Bottom-Up” approach behaves better than the “Top-

Down” approach for the reasons discussed previously.

2. As the traffic size increases, the “Top-Down” approach performs better than the

“Bottom-Up”.

Therefore, when solving the LSP dimensioning problem of a network under mod-

erate to high traffic conditions, it is recommended to use the discrete game model

with a “Top-Down” order of optimization.
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