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Abstract

Tunnel-based networks such as Multi-protocol Label switching (MPLS)are suitable for providing diversity guarantees to
different service classes or customers. Based on the number of active tunnels to handle, router capabilities can be taxed due
to the limited amount of memory and/or processing power of these routers. In this paper, we present a mixed-integer linear
program formulation for a traffic engineering problem where such tunnel restrictions are taken into account in addition to standard
capacity constraints while addressing diversity requirement of services. Due to large size of the formulation, we also present an
accompanied solution approach based on Lagrangian relaxation and sub-gradient optimization. We then present results towards
impact of diversity constraint upon the tunneling and capacity restrictions. We observed that the networks having higher amounts
of capacity and demands with higher level of survivability are much moresensitive to number of allowed tunnels in the network.
The impact is even more prominent for sparsely-connected, large-sized networks.
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I. I NTRODUCTION

Recent advances in next generation networks envision the presence of service class based protection along with the traditional
quality-of-service approaches such as end-to-end delay and/or jitter. Such developments are fueled by the requirement of
guaranteed protection for many critical and recently introduced applications. Note that such mechanisms would come ata
premium in terms of cost and complexity. This is due to extra provisioning and signalling required to support many of these
mechanisms such as p-cycles [15], fast reroute [7], or backup path [14] (see [12] for a detailed survey). However, many not-so-
critical applications (or their users) might not be willingto pay the extra cost; applications that can tolerate delaysand degraded
performance but are extremely vulnerable to ‘total loss of connection’ fall into this category. Therefore, they need a different
kind of protection which should be simple, should not require complex signalling/allocation mechanisms and should ensure that
single link failures do not lead to total loss of connection.Such a simple-yet-effective protection can be provided by ‘diversity
constraint’. Diversity constraint ( [3], [8] and [16]) ensures that demands are allocated such that individual links/nodes carry
less than a specified fraction (h) of any demand. This ensures that in the event of link/node failures, at least (1-h) fraction of
the total demand can still be carried. This averts the possibility of total loss of connection for these applications in the event
of link or node failures.

Such a restriction can be enforced if the network has the capability to do so. For this purpose, we consider a tunnel-based
network such as MPLS (multi-protocol label switching) network. Other tunnel-based networks include ATM (Asynchronous
Transfer Mode), WDM (wavelength division multiplexing) based optical networks, and so on. For MPLS networks, multiple
label switched path (LSP) tunnels could be set up between source and destination nodes; allocation to these tunnels could be
such that individual links/nodes do not carry more thanh fraction of a demand. It is obvious that having such a restriction
would not require any complex reallocation or reconfiguration procedures but would drastically increase the active number of
tunnels in a network. This poses a limitation for MPLS networks [1] because each LSP tunnel setup would require additional
processing power and memory at the router interfaces (discussed further in Section II).

Therefore, our interest here is to consider traffic engineering of a network with multiple service classes, each having a
pre-determined diversity requirement, and consider any restriction on number of tunnels imposed by the processing power and
memory requirements of the LSRs. While we use MPLS and LSPs to explain the problem, the model is applicable to other
tunnel-based networks as well.
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A. Contributions of the Paper

We start with presenting our approach towards capturing therestriction of processing power and memory requirements of
the LSRs. We determined that they translate into number of active LSP tunnels on a link referred to as tunneling restriction.

Furthermore, we present a mathematical formulation which incorporates tunneling, capacity and diversity constraintin an
integrated mixed integer linear program. The formulation neatly enforces the tunneling constraint by introducing a tunnel
activity variable. Diversity constraint is introduced as abound on the flow variables. We also extend the basic model to
introduce a tunnel cost. The formulation was found to be having large number of binary variables and constraints, which
makes the formulation hard to solve for large sized networks. We also present a solution approach based on Lagrangian
relaxation with dual subgradient optimization (LRDSO). Since the early paper by Held et al [4], LRDSO has been found to be
an effective approach for solving many large-scale optimization problems; for a discussion and literature related to problems
in communications network design that use LRDSO, see the recent book [12]. In our case, LRDSO results in solving smaller
sub-problems in an iterative fashion and then in constructing the final solution. It may be noted that one of the sub-problems
is of integer linear in nature; we also present a proof that showed that the continuous relaxation of the sub-problem had an
optimal binary solution which can be obtained by solving itscontinuous relaxation using the simplex method. Our work here
extends the work presented in the conference paper [13] in multiple ways: 1) we present an extended cost model to address
for one of the key limitations of the earlier model, 2) we present the LRDSO method for the extended model, 3) we present
here extensive computational results for the extended model by considering various factors and parameters, such as tunnel
restriction and diversity, including an assessment on survivability due to diversity.

Using the solution technique, we study the interplay between capacity, tunneling and diversity constraints. It was observed
that minor relaxations in the survivability requirement ofdemands translates into much fewer values of required tunnels to
achieve similar performance. We also observed that the networks having higher amounts of capacity and demands with higher
level of survivability are much more sensitive to number of allowed tunnels in the network. The impact is even more prominent
for sparsely-connected, large-sized networks.

The problem of minimizing the required label space was discussed by Applegate and Thorup in [1]. They evaluated the
number of required labels for each LSR in order to successfully embed any given optimal solution. This is achieved by using
“to trees” and they present a construction and an accompanied proof to show that such an allocation is possible for any given
optimal allocation. The approach is interesting and gives alower bound towards the design specification for to-be-installed
LSRs. We, however take a different view point. How can the capability of routers (in terms of the tunnels/labels that theycan
support) be embedded in a traffic engineering formulation and what is its impact ? We assert that such a view point is more
practical. This is for two reasons. First is that most trafficengineers are given LSRs connected by links and projected demands
and asked to determine routing. The possibility of being able to enforce/upgarde the capabilities of the routers in the network
might not be a viable option. Secondly, MPLS networks could be comprised of wide variety of LSRs ranging from slow/less
capable legacy LSRs to fast/very capable, recently installed LSRs. Enforcing the same capability in terms of storage memory
and processing power could require discarding of many otherwise-useable LSRs.

The rest of the paper is organized as follows. In Section II, we study the details of processing and memory requirements for
an LSR to support large number of tunnels. In Section III, we present the traffic engineering formulation. In Section IV, we
present the solution approach based on a decomposition algorithm to solve the formulation. In Section V, we present results
for demonstrating the interplay between capacity, tunneling and diversity constraints. We conclude in Section VI

II. CONSTRUCTINGTUNNEL CONSTRAINT

In this section, we discuss the functional details of an LSR in order to isolate the operations which could become a bottle-neck
in its functioning, in the event of overwhelming number of tunnels being setup in the network.

An edge LSR does four fundamental operations in an MPLS network. First operation is the computation of the best path that
a packet should take through the network to its destination.This computation could incorporate various policies and network
constraints. The operation is performed on regular intervals by the route processor and the frequency of operation is configured
by the service provider.

The second operation is performed when a new orignating/terminating/passing LSP is being set up or an older originat-
ing/terminating/passing LSP is being re-provisioned. Set-up of LSP requires activation of label distribution protocol (LDP)
which appends a label in the label forwarding information base (LFIB) of each incoming interface of the intermediate LSRs
of the LSP. The route chosen by the LSP is determined by the best path computed during the first operation.

Third operation is performed for each and every incoming packet on an interface. Label values are extracted from the label
field found in the incoming packet on an interface and used as an index in the LFIB. After a match is found, the interface
replaces the label in the packet with the outgoing label fromthe subentry and sends the packet over the specified outgoing
interface to the next hop specified by the subentry. In case the node happens to be the destination of the packet (or the
corresponding LSP), the label is removed and the packet is sent to the local interface.

The fourth function corresponds to the actual transmissionof the packet over the physical link on the interface determined
by the subentry towards the next hop. In case the transmission channel is busy, the packet is placed in the specified queue
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and transmitted in the order of its arrival or any schedulingmechanism followed by the outgoing interface. Although an LSR
could be involved in many other operations and functions, weassume that these four operations as most impactful functions
towards the consumption of the processing power and memory requirements of an interface of the LSR.

Observe that the first operation is independent of the numberof tunnels set up in the MPLS network. If we assume that
the traffic does not vary too much over medium to large time scales, then second operation of configuring/reconfiguring LSPs
would not cause major concerns in terms of overload. However, the interface card needs to have sufficient memory to store all
the required entries of the labels for each incoming LSP. Observe that the size of LFIB increases linearly with the increasing
number of incoming LSPs on the interface. The fourth operation is impacted by the amount of allocated traffic and available
bandwidth on the out going link and is mostly referred to ascapacity constraintin the literature ( [11], [17]).

However, third operation is performed for every incoming packet on the interface of a LSR. The processing power at each
interface should be enough to successfully determine the output interface and label of each incoming packet in an acceptable
time. Observe that the time required to find the entry (lookupoperation) for each packet increases with larger size of theLFIB.
Therefore, the processing requirement at an interface of a LSR increases with the number of active LSPs passing through the
interface.

In conclusion, for tunnel-based networks, such as MPLS, number of tunnels incoming on an interface determine the memory
and processing requirements of the interface. Hence restricting the active number of tunnels on an interface would avoid
overloading the LSRs. This restriction is equivalent to restricting the number of tunnels passing through the link connected to
the interface assuming that the interfaces connected to thelink have the same capabilities. For links connected to interfaces
having different capabilities (connecting slow and fast routers), we determine the tunnel restriction based on the slower/less
capable router. We refer to the approach of restricting the active number of tunnels on a link as tunneling restriction/constraint.

III. T RAFFIC ENGINEERING FORMULATION

In this section, we present an integrated traffic engineering formulation which incorporates capacity, tunnel and diversity
restrictions. Capacity restriction is incorporated by ensuring that the flow on any link is less than the capacity of the link.
Tunnel constraint is honored by enforcing that the active number of tunnels on a link are restricted. Diversity constraint restricts
the fraction of demand that can be allocated to any one tunnel.

We consider an aggregated-flow based network, where traffic data (packets) arriving to a source, for a specific destination
needs to be sent over one of the active tunnels between the source and the destination. The data volume is estimated using
either service level agreement based approaches [11] or using measurement based concrete measures [17]. Other techniques
could also be used (see [9], and references there in). We assume that information is available regarding data volume for each
service class of all the demands. We also assume that tunnelsare not shared between the service classes. Each service class
maintains its own set of tunnels between source and destinations. We first describe the notation:

N : Set of nodes in the Network
K: Set of nodegroups with traffic
L: Set of links
Cℓ: Capacity of linkℓ
Sk: Set of service classes at nodegroupk
Tℓ: Maximum number of tunnels allowed on linkℓ
ζs

k
: Revenue from carrying unit demand volume of service classs

and nodegroupk
ds

k
: Traffic demand for service classs and nodepairk

ε: Minimum value of flow on any path
hs

k
: Maximum fraction of flow for service classs and nodepairk

allowed on any path

We are given the following information:N , K, L, Cℓ, Tℓ, Sk, ε, hs
k, ds

k andζs
k. For demandds

k connecting a pair of ingress
and egress nodes, due to the capacity, diversity and tunnel limitation, it is clear that just considering the shortest path is too
limiting and does not address the overall traffic engineering problem. Hence we initially generate a set of candidate paths for
each service class and demand pair. We use a k-shortest path algorithm to generate the set of paths (Ps

k) for each service class
of each demand.

A. Basic Model

Let |P s
k | be the number of candidate paths generated for service classs ∈ Sk of demandk ∈ K. We now introduce the

fractional flow variablexs
km associated with the pathm for service classs ∈ Sk of demandk ∈ K which takes a value

between 0 and 1 as the fraction of demandds
k allocated tomth path.
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1) Demand Constraint:As discussed earlier, due to capacity, tunnel and diversitylimitations, it is quite possible that a
demand may not be routed (while proper network design would try to avoid such situations by over-engineering; from a traffic
engineering modeling standpoint, it is necessary to incorporate this variable to avoid infeasibility of the problem).To consider
this aspect, we have the following constraint

∑

m∈Ps

k

xs
km ≤ 1.0, s ∈ Sk, k ∈ K (1a)

2) Diversity Constraint:In order to incorporate the diversity constraint, we need torestrict the fraction of the total demand
which can be allocated to a tunnel. Therefore, we have to put an upper-bound on the fractional flow variablexs

km. Such a
bound would suffice to introduce diversity constraint. We considerhs

k as the diversity restriction of the service classs ∈ Sk

of demandk ∈ K. The constraint is
xs

km ∈ [ 0, hs
k ], m ∈ Ps

k , s ∈ Sk, k ∈ K. (1b)

3) Capacity Constraint:Next, we construct the bandwidth requirements by restricting the flow on a link. To address the
fraction of flow of a service class of the demand on each link (for each path), we now introduce the indicator notation to map
between the demand, the service class and the link, as they relate to paths as follows:

δsℓ
km =






1 if path m for service classs of nodepair
k uses linkℓ

0 otherwise.

Thus, the bandwidth needed on any linkℓ (denoted byFℓ) to carry flow for different service classes and demands can now
be captured by the amount

Fℓ =
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

δsℓ
kmds

kxs
km.

Since each linkℓ has capacityCℓ, we thus have the following constraint for each linkℓ ∈ L:
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

ds
kδsℓ

kmxs
km ≤ Cℓ, ℓ ∈ L. (1c)

Note the constraints discussed, so far, are already presentin the literature and have been thoroughly studied [11]. Thefollowing
constraints are based on additional requirements enforcedin this paper upon the engineering of a network.

4) Tunnel Mapping:Now, we consider the number of active tunnels sharing a link.At this end, we first need to have a
variable that captures if any given path is being used or not.The value taken by such a variable depends on the value of the
corresponding flow variable. Hence we definews

km as the (binary) tunnel activity variable, which is 1 if a pathis being used
to route flows and 0 otherwise. Such a functionality can be achieved by incorporating following two constraints:

εws
km ≤ ds

kxs
km, m ∈ Ps

k , s ∈ Sk, k ∈ K (1d)

xs
km ≤ ws

km, m ∈ Ps
k , s ∈ Sk, k ∈ K. (1e)

These constraints incorporate and force dependencies between variables,x and w. Lets considerxs
km is 0, constraint (1d)

forcesws
km to be 0. On the other hand, whenws

km is 0, constraint (1e) forcesxs
km to be 0. Sometimes, we want to ensure that

the minimal flow volume on any tunnel should be greater than a predetermined constant (ε units). The value of the constantε

can be determined based on the minimal flow volume that warrants the setting up and maintenance of a new tunnel. We use
the parameter,ε, in order to limit the activation of tunnels having very low bandwidth.

5) Tunnel Constraint:Based on the discussion in Section II, we enforce that any link ℓ should have less thatTℓ active
tunnels. In the rest of the paper, we assume that such a numberis determined before hand by considering each link and the
interfaces that it is connected to. Now, we force tunnel constraint using

∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

δsℓ
km ws

km ≤ Tℓ, ℓ ∈ L (1f)

ws
km ∈ {0, 1}, m ∈ Ps

k , s ∈ Sk, k ∈ K. (1g)

The objective of the formulation is to maximize the total revenue generated by the flow carried by the network. The traffic
engineering Problem (P) can be formulated as

F̄ = max
{x,w}

f = max
{x,w}

∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

ζs
kds

kxs
km (2)

subject to the set of constraints (1). The above basic model elaborates the model presented in [13].
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B. Extended Model

A limitation of the basic model is that it does not incorporate cost due to tunneling. That is, although capabilities of routers
(in terms of processing/memory requirements) restrict themaximum number of tunnels on a link, each active tunnel incurs
a setup/maintenance cost to the network. From the perspective of a service provider, setup and maintenance of each tunnel
requires resources of the network. Certainly, enforcing the tunneling constraint ensures that such resources are available in
the network, but the revenue and tunnel cost dependency captures the decision whether the resources should be allocatedto a
demand or not. Thus, we now discuss how the basic model can be extended.

Consider a demand from sourcesk to tk which can be carried over a pathp ∈ Pk and ζk be the revenue generated from
carrying the demand. Assume that the value ofζk is positive and hence carrying the demand by pathp would lead to higher
revenue. Also assume that the links of the pathp can support the additional tunnel in terms of capacity and number of active
tunnels. Then based on the basic model, the demand should be accepted. But, from the perspective of a service provider, itis
possible that cost of set-up/maintenance of the tunnel using pathp is more than the revenue generated by carrying the demand
volume. Such a scenario is possible when pathp has high number of hops because of which the cost of setting upsuch a
tunnel and then maintaining it would be more than the revenuegenerated by carrying the demand. A service provider might
choose to refuse such a demand to ensure overall optimum.

The current objective function considers the revenue generated by the carried flow, which is equal to

fr =
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

ζs
kds

kxs
km. (3)

Since maximizing the functionfr does not account for the cost to the network in carrying the above mentioned flowx, we
need to capture the routing/maintenance cost of these flows.Let cs

km is the routing cost of the candidate tunnelws
km, m ∈ Ps

k ,
s ∈ Sk andk ∈ K. Then, the total routing cost will be

fc =
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

cs
kmws

km (4)

The functionfr captures the revenue generated by the network which needs tobe maximized and functionfc computes the
total routing cost which needs to be minimized. Since, both the objectives are relevant in engineering a network, it is desirable
to combine them into an integrated objective function. Thisis accomplished by weighing one of the functions by a weight
factor and taking the difference with the other function andthen maximizing the overall function. If we use the normalized
weight for the functionfr, then the weight factorθ (specifically,θs

k for eachs ∈ Sk andk ∈ K) is needed only for function
fc. Thus, we have the combined objective function as

frc =
∑

k∈K

∑

s∈Sk

ζs
k

∑

m∈Ps

k

ds
kxs

km −
∑

k∈K

∑

s∈Sk

θs
k

∑

m∈Ps

k

cs
kmws

km. (5)

Note that in general, routing cost of a tunnel can be determined based on many different aspects. On one hand, one could
determine the cost of maintaining the tunnel based on only the setup and maintenance cost which will be additive in the
number of hops taken by the tunnel. Such a criteria can be referred to as Hop Based Routing (HPR) cost and will be equal to

cs
km =

∑

ℓ∈L

δsℓ
km.

On the other hand, cost of tunnel can be determined by considering the forwarding cost associated with the maintenance of
the tunnel. In which case, it will be computed based on the flowallocated to the tunnel. Such a cost could be referred to as
Flow Based Routing (FBR) cost and can be captured as

cs
km = xs

kmds
k.

However, in our case, we compute the cost of routing a tunnel based on both the criteria, that is based on setup and maintenance
as well as forwarding required to maintain the tunnel. Hencethe total routing cost depends on the volume of flow on the tunnel
and the number of hops and is additive in both. Such a cost could be referred to as Flow and Hop based Routing (FHR) cost
and can be captured as

cs
km =

∑

ℓ∈L

δsℓ
kmxs

kmds
k. (6)

Hence substituting the value ofcs
km in the combined objective function, we get

f =
∑

k∈K

∑

s∈Sk

ζs
k

∑

m∈Ps

k

ds
kxs

km −
∑

k∈K

∑

s∈Sk

θs
k

∑

m∈Ps

k

[
∑

ℓ∈L

δsℓ
kmxs

kmds
k]ws

km.
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Note that the functionf is non-linear in nature due to termxs
kmws

km. But, when coupled with constraints (1d) and (1e), it can
be directly inferred thatxs

kmws
km = xs

km. Hence functionf can be rewritten and rearranged as
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

(ζs
k − θs

k

∑

ℓ∈L

δsℓ
km)ds

kxs
km. (7)

For simplicity, we use the notation

ξs
km = (ζs

k − θs
k

∑

ℓ∈L

δsℓ
km), m ∈ Ps

k , s ∈ Sk, k ∈ K

We now present the extended formulation (P) as

F̄ = max
{x,w}

f = max
{x,w}

∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

ξs
kmds

kxs
km (8)

subject to the set of constraints (1).

C. Problem Size

The Problem (P) is a Mixed Integer Linear Program with number of variables being

•

∑

k∈K

∑

s∈Sk

|Ps
k | (w, binary)

•

∑

k∈K

∑

s∈Sk

|Ps
k | (x, continuous).

The number of constraints required to be satisfied are

•

∑

k∈K

∑

s∈Sk

2 |Ps
k | (Constraints 1d and 1e)

•

∑

k∈K

|Sk| (Constraint 1a)

• 2 |L| (Constraints 1c and 1f).
For the experimental networks presented in Figures (2-5), we discuss the size of the Problem (P) in Table III-C. We consider

three service classes and demand between every pair of nodes. We consider, 15, 6, 15 and 15 candidate paths (Ps
k) for each

service class of each demand of experimental networks I, II,III and IV, respectively. To illustrate the growth of the problem
size, we show in Table III-C the number of variables and constraints for networks from 50- to 100-node networks, considering
just one service class and five candidate paths for each demand pair.

Table 1.Size of Problem (P) for ENs

ENs #Variables #constraints
binary continuous

EN I 2970 2970 6174
EN II 270 270 609
EN III 2970 2970 6188
EN IV 2025 2025 4237

Table 2.Size of Problem (P) for Larger Networks

Networks #Variables #constraints
|N | |L| binary continuous
50 250 6125 6125 13975
60 300 8850 8850 20070
70 350 12075 12075 27265
80 400 15800 15800 35560
90 450 20025 20025 44955
100 500 24750 24750 55450

Typically, generic MIPs are solved using the branch-and-bound algorithm and/or Gomory’s cutting plan method. But such
approaches are not quite practical for problems of large size. The Formulation (P) presented above grows with the size of the
network, number of service classes and with the number of candidate paths considered. Therefore, using direct methods will
restrict the applicability of the approach to smaller networks or fewer demands. Hence in the following section we present a
solution approach based on the decomposition of the probleminto smaller subproblems.

IV. D ECOMPOSITION ALGORITHM

In this section, we describe a decomposition algorithm for solving mixed-integer linear programming problem (P) using
Lagrangian relaxation with duality and subgradient optimization which has been successfully used before ( [2] and [5]). Observe
that constraints (1d) and (1e) are coupling constraints between variablesx andw. We take Lagrangian relaxation around these
two constraints so that the remaining constraints get decoupled from the objective function. In the process, we will show that
one of the subproblems with integrality constraints can be solved by relaxing the integrality requirement. First we start with
the Lagrangian,

L(x,w;u,v) =
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

[ξs
kmds

kxs
km + us

km(ds
kxs

km − εws
km) + vs

km(ws
km − xs

km)].
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Rearranging, we get

L(x,w;u,v) =
∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

[(ξs
kmds

k + us
kmds

k − vs
km)xs

km + (vs
km − εus

km)ws
km].

This can be written as
L(x,w;u,v) = Lx(x;u,v) + Lw(w;u,v).

The dual Problem (D) is

sD = min
{u,v≥0}

g(u,v).

where,
g(u,v) = max

{x,w}
L(x,w;u,v)

Note that for a givenu andv, the LagrangianL is separable inx andw and reduces to solving two independent subproblems

max
{x,w}

L(x,w;u,v) = gx(u,v) + gw(u,v)

where

gx(u,v) = max
{x}

Lx(x;u,v)

= max
{x}

∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

(ξs
kmds

k + us
kmds

k − vs
km)xs

km

subject to constraints (1a), (1c) and (1b) and

gw(u,v) = max
{w}

Lw(w;u,v)

= max
{w}

∑

k∈K

∑

s∈Sk

∑

m∈Ps

k

(vs
km − εus

km)ws
km

subject to constraints (1f) and (1g).
Thus, to solve the original Problem (P), we use the algorithmic steps shown inAlgorithm 1.

Algorithm 1 Decomposition Algorithm
1: GeneratePs

k for all s ∈ Sk, k ∈ K
2: u = 1 andv = 1.
3: Solvegx(u,v) andgw(u,v) and derivex andw

4: Solve forsD and update the values ofu andv

5: Check for the convergence of the iterations, if not converged: go to Step3

Based on the discussion, so far, the solution to the Problem (P) consists of solving three smaller problems namely,gx(u,v),
gw(u,v) andsD. In the following subsections, we present approaches to solve these three problems separately.

A. Solvinggx(u,v)

Observe that Problemgx(u,v) is a linear continuous programming problem which can be efficiently solved using Simplex
method for fairly large number of variables and constraints.

B. Solvinggw(u,v)

Problemgw(u,v) is a special case of Multiple Knapsack Problem (MKP). MKP is known to be NP hard. Thus, solving
the General MKP problem by direct methods imposes a severe constraint on the scalability of the solution approach. In our
case, the volume of each item is equal to1 or 0 in all the knapsacks and size of each knapsack is integral, making this special
case effectively solvable by faster approaches. Below we shall show that there always exists an integral solution for the LP
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Fig. 1. Diagram with location of points

version of MKP. Moreover, at least one feasible optimum solution of the relaxedgw(u,v) is integral and hence the use of the
Simplex algorithm will give us the integral solutions.RMKP (Relaxed MKP) can be written as:

(RMKP )






F̄ = max
{w}

F (w) = max
{w}

n∑

j=1

cjwj

subject to
n∑

j=1

Ajwj ≤ b

0 ≤ wj ≤ 1, (j = 1, 2, . . . , n)

whereA is a m x n matrix with non-binary entries (Aj is the jth column of A capturing theaij ’s, amount of resources
required byjth object in ith sack),w is an n-vector of variables (w1, w2,. . . , wn), b a m-vector with nonnegative integer
components. The Dynamic Programming framework [10] is usedto solve the RMKP. It is sufficient to consider the family of
ProblemsRMKPk(E):

(RMKPk(E)






Fk(b′) = max
{w}

Fk(b′,w)

= max
{w}

n∑

j=k

cjwj

subject to
n∑

j=k

Ajwj ≤ b − b
′

0 ≤ wj ≤ 1(j = k, k + 1, . . . , n)

for k varying from 1 to n, and whereb′ is a state vector of dimensionm, b
′ = (b′1, b

′
2, . . . , b

′
m), every componentb′i is

continuous and can take values in [0,bi]. The recurrence relation between the values ofFk(b′) reads:

Fk(b′) = max
0≤wk≤1

{ckwk + Fk+1(b
′ + Akwk)}

for k decreasing fromn to 1 and F̄ = F1(0).
The following is a useful result for solving RMKP. The sketchof the proof was originally given in [13] and is included

here in its entirety.
Theorem 1:Relaxed Multiple Knapsack Problem (RMKP) withaij = {0, 1} and integerb has at least one binary solution

in the set of all optimal solutions.
Proof: We prove the theorem by mathematical induction using the Dynamic Programming approach. We intend to prove

that for each,k = n, n − 1, . . . , 1 and each integer vectorb′ ≤ b, we have an optimal binary solution ofRMKPk(b′) with
wj ∈ {0, 1} for j = k, k + 1, . . . , n.

The initial inductive assumption is satisfied as the solution of RMKPn(b′) is binary, since

Fn(b′) = max
0≤wn≤1

cnwn =

{
cn (wn = 1) if b − b

′ ≥ An

0 (wn = 0) otherwise.

Note that for integralb andb
′, b

′ ≤ b, as an object either fills totally or not at all. Hence fork = n, variablewn takes either
the value0 or 1.

Now assume that for all integer vectorsb
′ such thatb′ ≤ b, there exists a binary optimal solution forRMKPk+1(b

′). We
now need to show thatRMKPk(b′) has a binary solution for eachb′ ≤ b. Let (w0

k+1, w
0
k, . . . , w0

n) be the optimal solution
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for RMKPk+1(b
′) and (w1

k+1, w
1
k, . . . , w1

n) for RMKPk+1(b
′ + Ak), and consider the two feasible binary solutions of

RMKPk(b′):

w
0 = (0, w0

k+1, . . . , w
0
n): with F (w0) = Fk+1(b

′)
w

1 = (1, w1
k+1, . . . , w

1
n): with F (w1) = ck + Fk+1(b

′ + Ak),

w0
i , w1

i ∈ {0, 1} for i = k + 1, k + 2, . . . , n. Let

O1 = {wj | w0
j = 0 andw1

j = 1, j = k + 1, k + 2, . . . , n}
O2 = {wj | w0

j = 1 andw1
j = 0, j = k + 1, k + 2, . . . , n}

O3 = {wj | w0
j = w1

j , j = k + 1, k + 2, . . . , n}.

Consider a set of feasible solutions ofRMKPk(b′) defined aswα = w
0+ α(w1−w

0). The solutionwα consists of fractional
values for some of its components and can be written in the following form:

wα
j = w0

j + α j ∈ O1

wα
j = w0

j − α j ∈ O2

wα
j = w0

j j ∈ O3

Observe thatwα is a feasible point since by constructionw
α, is a convex combination ofw0 andw

1, sincew
α = (1−α)w0

+ αw
1. We defineF (wα) = ckα + Fk+1(b

′ + Akα) which is the revenue when the knapsack contains exactly a fraction α

of objectk and some amounts of objects{k + 1, k + 2, . . . , n} (fractional are possible) which are required to be chosen tofill
optimally a knapsack smaller byAkα in volume. We show that the ProblemRMKPk(αAk) for all 0 ≤ α ≤ 1, the optimal
revenue isF (wα)= Fk+1(b

′) +
∑n

j=k cjα (w1 − w
0), and thus,wα is the optimal and binary solution ofFk(b′). We show

this by contradiction. Suppose, there existsŵ = (α, ŵk+1, ŵk+2, . . . , ŵn) such thatF (ŵ) = F (wα)+ γ andγ > 0. Consider
a feasible solution̂w0 = ŵ - (wα − w

0) of RMKPk(0) (see Figure 1). Because the considered problem is linear, wehave

F (ŵ0) = F (ŵ) − (F (wα) − F (w0)) (9)

and hence we haveF (ŵ0) = F (w0) + γ. This is a contradiction, since we have assumed thatF (w0) is the optimal solution
among the all possible values ofw0

k+1, w
0
k+2, . . . , w

0
n. Hence the values ofF (wα), 0 < α < 1 lie on the line segment

joining pointsF (w0) and F (w1). Due to optimality of allF (wα), the solution set always contains eitherw
1 (Fk(E) =

ck + Fk+1(E + Ak)) or w
0 (Fk(E) = Fk+1(E)).

Remark 1:An intuitive reasoning is to consider each constraint
∑n

j=1 aij wj ≤ bi for i = 1, . . . , m as a hyperplane
being placed in then dimensional space. Since allaij ∈ {0, 1}, these hyperplanes intersect with the axes and with each other
at points of typew = (wj , j = 1, . . . , n) only, wherewj ∈ {0, 1}. Hence all the extreme points (points of intersection ofn

planes) have binary values. And for the same reason, we can effectively find solutions using simplex approach which checks
the extreme points only.

C. Solving the master dual:sD

Observe that the ProblemsD is an unconstrained optimization problem with variablesu andv. The function to be minimized
is nonsmooth, we use subgradient approach to solve the dual ProblemsD. This method iterates on the dual variablesu andv.
Thus given the value ofu andv, once the solutions to the subproblemsgx(u,v) andgw(u,v) are obtained, a dual subgradient,
π(u) = (π

s(u)
km ) andπ(v) = (π

s(v)
km ), for g(.) can be computed using subgradient methods.

π
s(u)
km = (xs

kmds
k − εws

km) m ∈ Ps
k , s ∈ Sk, k ∈ K

π
s(v)
km = (ws

km − xs
km) m ∈ Ps

k , s ∈ Sk, k ∈ K.
(10)

Then dual multipliers,u andv are updated using

us
km = max{0, us

km − λuπ
s(u)
km }, vs

km = max{0, vs
km − λvπ

s(v)
km }.

We have used the subgradient method with relaxation to minimize the non-smooth dual function. Hence the sizes,λu andλv,
are given by

λu = ρ
g(u,v) − g#

||π(u)||2
, λv = ρ

g(u,v) − g#

||π(v)||2

where,g# is the value of the best primal feasible solution obtained sofar. We takeρ = 2.0 and half it, if the solution value does
not change for consecutive40 iterations. We put the maximum iteration bound as1000 and if reached accept the maximum
revenue solution among the already encountered ones as the optimal solution.

We estimate the proximity to the optimal point based on the value of λu andλv. As the value ofg# andg(u,v) get closer,
the step size gets smaller and smaller. In order to evaluate the current convergence state of the algorithm, we define

ǫi =
√

λ2
u + λ2

v. (11)
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Fig. 6. Convergence results withTℓ = 20 andCℓ = 622
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Fig. 7. Convergence results withTℓ = 20 andCℓ = 1866

We assume that the iterations(i) have converged as soon asǫi ≤ ǫ, for chosen value ofε as error margin. Regarding the
generation of a feasible solution, it is known that the final solution derived from the algorithm presented above might not be
feasible (some of the constraints might be violated) and hence feasible solution needs to be derived at each step of the iteration
from the given values ofx andw. The approach we use is to assume the values ofw (the binary variable) as given and
solve the complete Problem (P), which is a linear program, to get feasible values ofx and compute the value of the objective
function f . During the course of the algorithm, we store the solution which has the maximum value of objective functionf

and it is the solutionF̄ of the Formulation (P). Corresponding to the solution, we also store the values ofx andw which are
used in further analyzing the solution.

V. RESULTS AND DISCUSSION

The aim of this section is two-folds: (a) to study the convergence behavior of the decomposition algorithm, (b) to show
the interaction between tunneling, capacity and diversityconstraints, At this end, we have implemented the decomposition
algorithm inC++, where, we solve the subproblems using CPLEX callable libraries [6].

We conduct the study for experimental networks shown in Figures 2− 5. These networks are taken from already published
literature [14]. For these experimental networks we provide detailed results and help user derive insights into the behavior. EN
I has 12 nodes, 18 edges and average nodal degree (ratio of number of edges to number of nodes) of 1.5. EN II has 6 nodes,
12 links and an average nodal degree of 2.0. EN III has 12 nodes, 25 links and an average nodal degree of 2.08. EN IV has
10 nodes, 26 links and an average nodal degree of 2.6. Observethat EN IV is the most well connected network where as EN
I is the least.

For the given experimental networks, we consider capacity of 622 Mbps for each link (referred to as baseline capacity). We
assume demand between all pairs of nodes. We also assume thateach demand has three service classes, where each class has
a volume of 100 Mbps. We define the value of diversity constraint hs

k = hsh∗ for k ∈ K, wherehs is the relative diversity
requirement of service classs andh∗ is the normalizing factor. We assume that service class 1 (s =1) has highest survivability
requirement and hence assumeh1 = 0.4, service class 2 has less stringent requirement and hence, we assumeh2 = 0.6 and
for service class 3, we assumeh3 = 0.8. Since, we assumed that service class 1 has highest survivability requirement, we also
assumed that the revenue is higher for that service class andaccordingly for other service classes as well. Hence we assumed
ζ1
k = 5, ζ2

k = 3 andζ1
k = 2 for k ∈ K.
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Fig. 10. FAD, FUC and UML forh∗ = 0.5, Tℓ = 20 with increasing capacity for ENs
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Fig. 11. FAD, FUC and UML forh∗ = 1.0, Tℓ = 40 with increasing capacity for ENs

A. Convergence Behavior

We start with the first aim where we establish the convergencebased on the value ofǫi, wherei is the iteration count. Notice
that ǫ captures the resultant step-size based on which duals are updated at each iteration. As the algorithm progresses, the
value ofǫ decreases and the algorithm stops whenǫi < 0.01. For the study, we assumed that the normalizing factorh∗ = 0.5.

In order to fully understand the convergence behavior, we study the convergence under three different scenarios. In thefirst
scenario, we ensure that both the tunneling and the capacityconstraints are stringent. Hence we assume thatTℓ = 20 and each
link has capacity of 622 Mbps. We present the value ofǫi for increasingi for the experimental networks in Figure 6. In the
next scenario, we ensure that the tunneling constraint is stringent where as network is over-provisioned in terms of capacity.
Hence we takeTℓ = 20 and make capacity of each link equal to three times its present value. We present convergence results
in Figure 7. Further, we evaluate the counter scenario whereTℓ = 40 (over-provisioned in number of tunnels) and capacity is
still 622 Mbps (stringent in capacity) and present convergence results in Figure 8.

Similar results were observed for other scenarios as well. Note that for all the scenarios the value ofǫi decreases in steps.
This can be attributed to the parameterρ, which is halved if the solution does not improve for 40 consecutive iterations. Hence
the value ofǫi will decrease due to smaller value ofρ. Moreover, we also observed that the for tunnel constrainedscenarios,
the primal feasible solution (g#) is much smaller than the relaxed primal solution (gx(u,v)+gw(u,v)). This can be explained
by observing that the relaxation is taken around the tunneling constraint. Hence when the tunnels are fewer in number, the
primal feasible solution has to reject a lot of flows due to non-availability of tunnels. However, for the scenarios whichare
over-provisioned in number of available tunnels, the tunnels constraint is nearly obviated and the capacity constraint determines
the flow allocation. In this case the feasible primal solution closely follows the relaxed primal solution.

Note that we have also solved a 100-node network (the last onein Table III-C) which took less than 300 seconds on a
shared machine; its convergence behavior is presented in Figure 9. Thus, the convergence property of the algorithm is found
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Fig. 12. FAD, FUC and UML for ENs withh∗ = 0.5 and baseline capacity for increasing # of tunnels
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Fig. 13. FAD, FUC and UML for ENs withh∗ = 1.0 and 300% of baseline capacity for increasing # of tunnels

to be good.
In the following sections, we use the decomposition algorithm to study the formulation to understand the interplay between

tunneling, capacity and diversity constraints, as well as tunnel cost. The intention is to understand the performance of network
under various provisioning scenarios and the role of various parameters towards the solution of the formulation. Thus,only
the experimental networks (EN-I, EN-II, EN-III, EN-IV) areused in the rest of the study.

B. Impact of Capacity Constraint

In order to study the role of capacity constraint, we conducted experiments where we varied the values of tunneling and
diversity constraints while increasing capacity from baseline value (100%) to three times the baseline capacity (300%). We
present the value of fraction of accepted demands (FAD), thefraction of used capacity (FUC) and the utilization of maximum
loaded link (UML) for Tℓ = 20 andh∗ = 0.5 in Figure 10 andTℓ = 40 andh∗ = 1.0 in Figure 11, respectively.

We observed that the presence of fewer number of tunnels prevents the demands from utilizing the excess capacity in the
network. The effect gets amplified when coupled with smallervalues ofhs

k which prevents a tunnel from accepting more
flow, even if the links have unused capacity and therefore demands get refused. Furthermore, higher survivability requirement
translates into demands requiring more and more tunnels, thus leading to increased requirement of tunnels in the network.
Therefore, minor relaxations in the survivability requirement of demands translates into much fewer values of required tunnels
to achieve similar performance.

C. Impact of Tunnel constraint

Next, we study the role of tunneling constraint and the way inwhich the formulation responds to increasing number of
tunnels for various provisioning scenarios. Here, we present results showing the changes in values of FAD, FUC and MLU
where available number of tunnels are increased from 10 to 50. We considerh∗ = 0.5 and baseline capacity in Figure 12 and
h∗ = 0.5 and 300% of the baseline capacity in Figure 13. The intentionis to isolate the regions where tunneling constraint is
critical to achieve higher utilization of the network resources.

We observed that for network operating under the state of overload in terms of capacity, fairly small number of tunnels are
required to sustain the network in its high load state. Thesesmall numbers are further lowered by decreasing the survivability
level of the demands supported by the network. Interestingly, we found that the networks having higher amounts of capacity
and higher levels of survivability are much more sensitive to number of allowed tunnels in the network. The impact is even
more prominent for sparsely-connected, large-sized networks like EN-I and EN-III.

D. Impact of Diversity Constraint

In this section, we study the role of diversity constraint towards the utilization of available capacity in the network.Hence
we present the value of FAD, FUC and MLU for values ofh∗ from 0.15 to 0.95 withTℓ = 20 and baseline capacity in
Figure 14 andTℓ = 40 and 300% of the baseline capacity in Figure 15. Note that changing the value ofh∗ does not alter
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Fig. 14. FAD, FUC and UML for ENs withTℓ = 20 and baseline capacity with increasingh∗
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Fig. 15. FAD, FUC and UML for ENs withTℓ = 40 and 300% of baseline capacity with increasingh∗

the relative survivability requirement amongst the service classes. When we decrease the value ofh∗, we scale up the over all
survivability requirement of all the service classes in thenetwork.

Interestingly, a reasonably highh∗ (0.65) suffices to ensure high levels of utilization of network capacity. In other cases
with fewer tunnels, even for much lower levels of survivability (h∗ = 0.95), the available capacity is not utilized. That is to say
that the demands are refused (value of FAD is less than one) although un-utilized capacity is available in the network (FUC
and MLU are less than one). Hence such small amounts of tunnels are extremely unacceptable for such well-provisioned (in
terms of capacity) networks. More so, in order to provide higher levels of survivability in a large, sparsely-connectednetwork,
a sacrifice has to be made in terms of fraction of accepted demands. That is, in extreme cases, it might require rejection of
demands in order to ensure higher survivability standards to the accepted demands.

E. Impact of Tunnel Cost

Note that we had assumedζ1
k = 3, ζ2

k = 2 and ζ1
k = 1 for k ∈ K. In order to study the impact of weight factorθs

k on the
allocation of flows and tunnels, we vary the value ofθs

k = θ from 0.1 to 0.9. We present the values of FAD, FUC and MLU
with Tℓ = 20 and baseline capacity in Figure 16 andTℓ = 40 and 300% of the baseline capacity in Figure 17.

Note that as the value ofθ increases, longer (multi-hop) paths are no more profitable and hence solution moves towards
allocating more and more flows to min-hop paths. Such a behavior translates directly into much lower values of FUC and
MLU. More so, the value ofθ and ζs

k determine the set of acceptable paths for a service class of ademand. For givenζs
k

and θ = 0.5, service class 3 (s = 3) tunnels with fewer than four hops would still lead to positive revenue, where as for
service class 2 tunnels with less than six hops are still acceptable and for service class 1 tunnels with 10 hops can be used
for allocating flows. Hence the diversity constraint and thetunnel cost have a balancing impact. Smaller value of the diversity
constraint forces a demand volume to take multiple paths (which are also longer path), but such long paths are no longer
profitable (for a givenθ) and hence formulation chooses to reject the extra demand volume in spite of the presence of capacity
and tunnels on the links.

VI. CONCLUSION

In this paper, we present a diversity based protection approach for low cost, best-effort services in a tunnel based network
to avoid any total loss of connection due to node/link failures. Introduction of such a diversity based approach could lead to
over whelming number of tunnels in the network. Hence we alsointroduced tunneling constraint by restricting the number
of active tunnels on a link. Diversity reservation is embedded by restricting the fraction of allocated demand on a tunnel.
We also extend the model to incorporate a hop and flow based tunnel cost. The integrated model is a mixed integer linear
program. We also present a Lagrangian relaxation based decomposition approach to solve the problem for large networks.The
approach requires solving multiple programs of smaller size and simultaneously updating the dual so as to arrive at the final
solution. Using the solution approach, we present results demonstrating the interplay between tunneling, capacity and diversity
constraints. The results showed that the tunnel constrainthas similar effect as that of the capacity. Particularly, for large-sized,
sparsely-connected networks, tunneling and diversity constraints affect the solution more drastically. More so, fornetworks
having stringent survivability requirements, presence ofhigher number of tunnels on each link becomes crucial.
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Fig. 16. FAD, FUC and UML forTℓ = 20 and baseline capacity with increasingθ
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Fig. 17. FAD, FUC and UML forTℓ = 40 and 300% of baseline capacity with increasingθ
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