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Abstract

Tunnel-based networks such as Multi-protocol Label switching (MP&®) suitable for providing diversity guarantees to
different service classes or customers. Based on the number ¢ aoctinels to handle, router capabilities can be taxed due
to the limited amount of memory and/or processing power of these rodtetthis paper, we present a mixed-integer linear
program formulation for a traffic engineering problem where suchdurestrictions are taken into account in addition to standard
capacity constraints while addressing diversity requirement of sarvidee to large size of the formulation, we also present an
accompanied solution approach based on Lagrangian relaxation brgtaglient optimization. We then present results towards
impact of diversity constraint upon the tunneling and capacity restrictMesobserved that the networks having higher amounts
of capacity and demands with higher level of survivability are much mseresitive to number of allowed tunnels in the network.
The impact is even more prominent for sparsely-connected, |&zgd-aetworks.
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I. INTRODUCTION

Recent advances in next generation networks envision #eepce of service class based protection along with thititrzal
quality-of-service approaches such as end-to-end deldjoaifjitter. Such developments are fueled by the requirenoén
guaranteed protection for many critical and recently ishiced applications. Note that such mechanisms would conze at
premium in terms of cost and complexity. This is due to exti@vizioning and signalling required to support many of thes
mechanisms such as p-cycles [15], fast reroute [7], or hapkth [14] (see [12] for a detailed survey). However, maniyste
critical applications (or their users) might not be williteypay the extra cost; applications that can tolerate delagsdegraded
performance but are extremely vulnerable to ‘total lossafnection’ fall into this category. Therefore, they neediféerent
kind of protection which should be simple, should not reg@iomplex signalling/allocation mechanisms and shouldrenthat
single link failures do not lead to total loss of connectiBuch a simple-yet-effective protection can be provideddyersity
constraint’. Diversity constraint ( [3], [8] and [16]) en&s that demands are allocated such that individual liokiga carry
less than a specified fractioh)(of any demand. This ensures that in the event of link/noderés, at least (1) fraction of
the total demand can still be carried. This averts the piiggibf total loss of connection for these applications hretevent
of link or node failures.

Such a restriction can be enforced if the network has thebilityato do so. For this purpose, we consider a tunnel-based
network such as MPLS (multi-protocol label switching) netiw Other tunnel-based networks include ATM (Asynchraou
Transfer Mode), WDM (wavelength division multiplexing) leaisoptical networks, and so on. For MPLS networks, multiple
label switched path (LSP) tunnels could be set up betweercs@nd destination nodes; allocation to these tunnelsidoel
such that individual links/nodes do not carry more tttafraction of a demand. It is obvious that having such a restric
would not require any complex reallocation or reconfigamratprocedures but would drastically increase the activebaurof
tunnels in a network. This poses a limitation for MPLS netgofl] because each LSP tunnel setup would require additiona
processing power and memory at the router interfaces (gbsclifurther in Section II).

Therefore, our interest here is to consider traffic engingeof a network with multiple service classes, each having a
pre-determined diversity requirement, and consider asfricion on nhumber of tunnels imposed by the processingep@md
memory requirements of the LSRs. While we use MPLS and LSPgglaie 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 capturingésgiction of processing power and memory requirements of
the LSRs. We determined that they translate into number ttfeat SP tunnels on a link referred to as tunneling resticti

Furthermore, we present a mathematical formulation whicloriporates tunneling, capacity and diversity constrairdgn
integrated mixed integer linear program. The formulati@atly enforces the tunneling constraint by introducing angl
activity variable. Diversity constraint is introduced asbaund on the flow variables. We also extend the basic model to
introduce a tunnel cost. The formulation was found to be havarge number of binary variables and constraints, which
makes the formulation hard to solve for large sized netwoYMe also present a solution approach based on Lagrangian
relaxation with dual subgradient optimization (LRDSON&i the early paper by Held et al [4], LRDSO has been found to be
an effective approach for solving many large-scale optitiin problems; for a discussion and literature relatedrablems
in communications network design that use LRDSO, see thentdmwok [12]. In our case, LRDSO results in solving smaller
sub-problems in an iterative fashion and then in consingctine final solution. It may be noted that one of the sub-gnois!
is of integer linear in nature; we also present a proof thaiveld that the continuous relaxation of the sub-problem hrad a
optimal binary solution which can be obtained by solvingcitstinuous relaxation using the simplex method. Our wonle he
extends the work presented in the conference paper [13] itipteuways: 1) we present an extended cost model to address
for one of the key limitations of the earlier model, 2) we mmisthe LRDSO method for the extended model, 3) we present
here extensive computational results for the extended hmgdeonsidering various factors and parameters, such asetun
restriction and diversity, including an assessment onigaipility due to diversity.

Using the solution technique, we study the interplay betweggpacity, tunneling and diversity constraints. It waseosd
that minor relaxations in the survivability requirementdgmands translates into much fewer values of required tsirine
achieve similar performance. We also observed that theamksahaving higher amounts of capacity and demands withehnigh
level of survivability are much more sensitive to number lbidaed tunnels in the network. The impact is even more pr@min
for sparsely-connected, large-sized networks.

The problem of minimizing the required label space was dised by Applegate and Thorup in [1]. They evaluated the
number of required labels for each LSR in order to succdgséumhbed any given optimal solution. This is achieved by gsin
“to trees” and they present a construction and an accomgamaof to show that such an allocation is possible for angmgiv
optimal allocation. The approach is interesting and givdewaer bound towards the design specification for to-beaitexd
LSRs. We, however take a different view point. How can theabdjty of routers (in terms of the tunnels/labels that ttoay
support) be embedded in a traffic engineering formulatioth \&hat is its impact ? We assert that such a view point is more
practical. This is for two reasons. First is that most tradigineers are given LSRs connected by links and projecterids
and asked to determine routing. The possibility of beingedblenforce/upgarde the capabilities of the routers in #tevork
might not be a viable option. Secondly, MPLS networks cowdcbmprised of wide variety of LSRs ranging from slow/less
capable legacy LSRs to fast/very capable, recently irstdliSRs. Enforcing the same capability in terms of storagsang
and processing power could require discarding of many wtiseruseable LSRs.

The rest of the paper is organized as follows. In Section d,study the details of processing and memory requirements fo
an LSR to support large number of tunnels. In Section Ill, wespnt the traffic engineering formulation. In Section \Ng w
present the solution approach based on a decompositionthlgao solve the formulation. In Section V, we present tessu
for demonstrating the interplay between capacity, tumgedind diversity constraints. We conclude in Section VI

Il. CONSTRUCTINGTUNNEL CONSTRAINT

In this section, we discuss the functional details of an L&Brder to isolate the operations which could become a boétdk
in its functioning, in the event of overwhelming number ofels being setup in the network.

An edge LSR does four fundamental operations in an MPLS r&tviairst operation is the computation of the best path that
a packet should take through the network to its destinafitsis computation could incorporate various policies antivoek
constraints. The operation is performed on regular intefvg the route processor and the frequency of operationriguored
by the service provider.

The second operation is performed when a new orignatimgittating/passing LSP is being set up or an older originat-
ing/terminating/passing LSP is being re-provisioned-§ebf LSP requires activation of label distribution praib¢lLDP)
which appends a label in the label forwarding informatioseb@FIB) of each incoming interface of the intermediate ESR
of the LSP. The route chosen by the LSP is determined by thiepla¢is computed during the first operation.

Third operation is performed for each and every incomingkption an interface. Label values are extracted from thd labe
field found in the incoming packet on an interface and usednamdex in the LFIB. After a match is found, the interface
replaces the label in the packet with the outgoing label ftbm subentry and sends the packet over the specified outgoing
interface to the next hop specified by the subentry. In casentide happens to be the destination of the packet (or the
corresponding LSP), the label is removed and the packemistsehe local interface.

The fourth function corresponds to the actual transmissiotihe packet over the physical link on the interface deteedi
by the subentry towards the next hop. In case the transmissdiannel is busy, the packet is placed in the specified queue



and transmitted in the order of its arrival or any schedutimechanism followed by the outgoing interface. Although 8RL
could be involved in many other operations and functions,asgume that these four operations as most impactful furectio
towards the consumption of the processing power and menagpyirements of an interface of the LSR.

Observe that the first operation is independent of the nurabéunnels set up in the MPLS network. If we assume that
the traffic does not vary too much over medium to large timées¢ahen second operation of configuring/reconfiguring4.SP
would not cause major concerns in terms of overload. Howeherinterface card needs to have sufficient memory to stbre a
the required entries of the labels for each incoming LSP.e@lesthat the size of LFIB increases linearly with the insieg
number of incoming LSPs on the interface. The fourth opemnais impacted by the amount of allocated traffic and avaglabl
bandwidth on the out going link and is mostly referred tocapacity constrainin the literature ( [11], [17]).

However, third operation is performed for every incominghk® on the interface of a LSR. The processing power at each
interface should be enough to successfully determine ttgubinterface and label of each incoming packet in an aat@pt
time. Observe that the time required to find the entry (loo&ppration) for each packet increases with larger size of FiB.
Therefore, the processing requirement at an interface @R increases with the number of active LSPs passing thrcugh t
interface.

In conclusion, for tunnel-based networks, such as MPLS,bairof tunnels incoming on an interface determine the memory
and processing requirements of the interface. Hence c¢tistrithe active number of tunnels on an interface would dvoi
overloading the LSRs. This restriction is equivalent tdriesng the number of tunnels passing through the link emted to
the interface assuming that the interfaces connected tdirtkénave the same capabilities. For links connected torfiates
having different capabilities (connecting slow and fasitens), we determine the tunnel restriction based on th&esltess
capable router. We refer to the approach of restricting tiweanumber of tunnels on a link as tunneling restriction&traint.

IIl. TRAFFIC ENGINEERING FORMULATION

In this section, we present an integrated traffic engingefimmulation which incorporates capacity, tunnel and itg
restrictions. Capacity restriction is incorporated by witg) that the flow on any link is less than the capacity of fimé.|
Tunnel constraint is honored by enforcing that the activelper of tunnels on a link are restricted. Diversity consiragstricts
the fraction of demand that can be allocated to any one tunnel

We consider an aggregated-flow based network, where tradte gbackets) arriving to a source, for a specific destinatio
needs to be sent over one of the active tunnels between theesand the destination. The data volume is estimated using
either service level agreement based approaches [11] ng mséasurement based concrete measures [17]. Other teehlniq
could also be used (see [9], and references there in). Wenasthat information is available regarding data volume fache
service class of all the demands. We also assume that tuareeisot shared between the service classes. Each servise cla
maintains its own set of tunnels between source and destsatWe first describe the notation:

N:  Set of nodes in the Network

K: Set of nodegroups with traffic

L: Set of links

Cy:  Capacity of link¢

Sk:  Set of service classes at nodegroup

T,:  Maximum number of tunnels allowed on link

¢p: Revenue from carrying unit demand volume of service class
and nodegrougk

di:  Traffic demand for service clagsand nodepaik

€: Minimum value of flow on any path

hy: Maximum fraction of flow for service class and nodepaik
allowed on any path

We are given the following informatiomV/, K, £, Cy, Ty, Sk, €, hi, d;, and(;. For demandi; connecting a pair of ingress
and egress nodes, due to the capacity, diversity and tumightion, it is clear that just considering the shortesthpia too
limiting and does not address the overall traffic engineegroblem. Hence we initially generate a set of candidatbspfdr
each service class and demand pair. We use a k-shortestlgathhen to generate the set of patifg;{ for each service class
of each demand.

A. Basic Model

Let |P;| be the number of candidate paths generated for service €lass; of demandk € . We now introduce the
fractional flow variablex;,, associated with the path for service class € S, of demandk € K which takes a value
between 0 and 1 as the fraction of dematjdallocated tom!" path.



1) Demand Constraint:As discussed earlier, due to capacity, tunnel and divelsititations, it is quite possible that a
demand may not be routed (while proper network design woyltbtavoid such situations by over-engineering; from aficaf
engineering modeling standpoint, it is necessary to inm@e this variable to avoid infeasibility of the problerf consider
this aspect, we have the following constraint

> ap, <10, seS ke (1a)

meP;

2) Diversity Constraint:In order to incorporate the diversity constraint, we needetirict the fraction of the total demand
which can be allocated to a tunnel. Therefore, we have to puigper-bound on the fractional flow variabilg, . Such a
bound would suffice to introduce diversity constraint. Wesider i; as the diversity restriction of the service class S,
of demandk € K. The constraint is

Thm € 10,0 ], meP;,s€Skkek. (1b)

3) Capacity Constraint:Next, we construct the bandwidth requirements by restigcthe flow on a link. To address the
fraction of flow of a service class of the demand on each liok ¢ach path), we now introduce the indicator notation to map
between the demand, the service class and the link, as tta#g te paths as follows:

1 if path m for service class of nodepair
5t = k uses link/
0 otherwise.

Thus, the bandwidth needed on any lihKdenoted byF;) to carry flow for different service classes and demands @am n

be captured by the amount
Fo=) > > Smditim:

kEK s€S meP;;

Since each link has capacityCy, we thus have the following constraint for each litk £:

XD e, <C, LEL (1c)

kekK s€Sy mEP;Z

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

4) Tunnel Mapping:Now, we consider the number of active tunnels sharing a litkthis end, we first need to have a
variable that captures if any given path is being used or Tog. value taken by such a variable depends on the value of the
corresponding flow variable. Hence we defing, , as the (binary) tunnel activity variable, which is 1 if a pahbeing used
to route flows and O otherwise. Such a functionality can beeael by incorporating following two constraints:

ewp,, < dixh,,, mMEeEPseS,Lkek (1d)
xiﬁ’l S w277l7 m G P;’ S E Sk) k E IC' (1e)

These constraints incorporate and force dependencieséetwariablesx and w. Lets considerz;, . is 0, constraint (1d)
forceswy,, to be 0. On the other hand, wherf,, is 0, constraint (1e) forces;,, to be 0. Sometimes, we want to ensure that
the minimal flow volume on any tunnel should be greater tharedgtermined constant (inits). The value of the constant
can be determined based on the minimal flow volume that weridue setting up and maintenance of a new tunnel. We use
the parameter;, in order to limit the activation of tunnels having very loardwidth.

5) Tunnel Constraint:Based on the discussion in Section Il, we enforce that arky dishould have less thak, active
tunnels. In the rest of the paper, we assume that such a numbdetermined before hand by considering each link and the
interfaces that it is connected to. Now, we force tunnel tangt using

keK s€S, meP;;
wlf:m € {071}7 m Gpﬁ,s e S, kek. (19)

The objective of the formulation is to maximize the totale@eue generated by the flow carried by the network. The traffic
engineering ProblemP) can be formulated as

F = max f= max ZZ ZCE T hm (2)
{@w} {@w} keK s€S, meP;

subject to the set of constraints (1). The above basic mddbbetes the model presented in [13].



B. Extended Model

A limitation of the basic model is that it does not incorperabst due to tunneling. That is, although capabilities otets
(in terms of processing/memory requirements) restrictrttaximum number of tunnels on a link, each active tunnel iscur
a setup/maintenance cost to the network. From the perspeatia service provider, setup and maintenance of each ltunne
requires resources of the network. Certainly, enforcing tiimneling constraint ensures that such resources arkaldeain
the network, but the revenue and tunnel cost dependencyreapte decision whether the resources should be allotatd
demand or not. Thus, we now discuss how the basic model cantbrded.

Consider a demand from soureg to t; which can be carried over a paghe P, and (; be the revenue generated from
carrying the demand. Assume that the value,0is positive and hence carrying the demand by pathould lead to higher
revenue. Also assume that the links of the pattan support the additional tunnel in terms of capacity anuber of active
tunnels. Then based on the basic model, the demand shoulctbpted. But, from the perspective of a service provides it
possible that cost of set-up/maintenance of the tunnebyséthp is more than the revenue generated by carrying the demand
volume. Such a scenario is possible when pathias high number of hops because of which the cost of settinguah a
tunnel and then maintaining it would be more than the revegereerated 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 gaedrby the carried flow, which is equal to

keK s€S, meP;

Since maximizing the functiorf,, does not account for the cost to the network in carrying theva@abmentioned flowe, we
need to capture the routing/maintenance cost of these floets;, , is the routing cost of the candidate tunngj,,,, m € P,
s € S, andk € K. Then, the total routing cost will be

f(’ = Z Z Z CZ’mwlScm (4)

keK s€S, meP;;

The functionf,. captures the revenue generated by the network which nedsts reaximized and functiorfi. computes the
total routing cost which needs to be minimized. Since, bbthdbjectives are relevant in engineering a network, it reble
to combine them into an integrated objective function. Tikigccomplished by weighing one of the functions by a weight
factor and taking the difference with the other function @hen maximizing the overall function. If we use the normediz
weight for the functionf,., then the weight factoé (specifically,d; for eachs € S;, andk € K) is needed only for function
fe. Thus, we have the combined objective function as

El S S S S S
= E E Ck E Ay g, — E E 0% E Chom Whm - %)
kel s€Sy mePy ke seSk meP;

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

CZm Z (;km,
teL
On the other hand, cost of tunnel can be determined by caisidthe forwarding cost associated with the maintenance of
the tunnel. In which case, it will be computed based on the #ilacated to the tunnel. Such a cost could be referred to as
Flow Based Routing (FBR) cost and can be captured as
Chm = Thm .-

However, in our case, we compute the cost of routing a tunasdd on both the criteria, that is based on setup and mantdena
as well as forwarding required to maintain the tunnel. Hetheetotal routing cost depends on the volume of flow on thealnn
and the number of hops and is additive in both. Such a costidmilreferred to as Flow and Hop based Routing (FHR) cost

and can be captured as
sz Z(skm km (6)

tec
Hence substituting the value of, in the combined objective function, we get

keK s€Sy  meP; keK s€S,  meP; Zeﬁ



Note that the functiorf is non-linear in nature due to termf, w;, . But, when coupled with constraints (1d) and (1e), it can
be directly inferred that;, w;, = x}, . Hence functionf can be rewritten and rearranged as

SN G- ik dra, @)

keK s€S, meP; LeL
For simplicity, we use the notation
Eim = (G —0;) L), mePiseSkek
teL
We now present the extended formulatid®) @s

keK s€S meP;;

subject to the set of constraints (1).

C. Problem Size
The Problem ) is a Mixed Integer Linear Program with number of variablesng

. Z Z |Pg| (w, binary)

kEKSESK

« > > IP;| (x, continuous).
keKseSk
The number of constraints required to be satisfied are
« > > 2|P;| (Constraints 1d and 1e)
keKseSy
« > _|Sk| (Constraint 1a)

ke

. 26\£| (Constraints 1c and 1f).

For the experimental networks presented in Figures (2-B)discuss the size of the ProbleR) {n Table III-C. We consider
three service classes and demand between every pair of.riédesonsider, 15, 6, 15 and 15 candidate pafh$) for each
service class of each demand of experimental networks Il Iland 1V, respectively. To illustrate the growth of the pfem
size, we show in Table 1lI-C the number of variables and qaiirsts for networks from 50- to 100-node networks, consider
just one service class and five candidate paths for each dep@n

Table 2.Size of Problem (P) for Larger Networks
Table 1.Size of Problem (P) for ENs

Networks #Variables #constraints
ENs #Variables #constraints INT T [£] | binary | continuous
binary | continuous 50 250 | 6125 6125 13975
EN I 2970 2970 6174 60 | 300 | 8850 8850 20070
EN Il 270 270 609 70 350 | 12075 12075 27265
EN 1l 2970 2970 6188 80 400 | 15800 15800 35560
EN IV 2025 2025 4237 90 450 | 20025 20025 44955
100 | 500 | 24750 24750 55450

Typically, generic MIPs are solved using the branch-andrdoalgorithm and/or Gomory’s cutting plan method. But such
approaches are not quite practical for problems of large. Sihe FormulationK) presented above grows with the size of the
network, number of service classes and with the number alidate paths considered. Therefore, using direct methalls w
restrict the applicability of the approach to smaller netwoor fewer demands. Hence in the following section we preae
solution approach based on the decomposition of the probleamsmaller subproblems.

IV. DECOMPOSITION ALGORITHM

In this section, we describe a decomposition algorithm fidwvieg mixed-integer linear programming problerR) (using
Lagrangian relaxation with duality and subgradient optattion which has been successfully used before ( [2] and(&jserve
that constraints (1d) and (1e) are coupling constraintawédsen variablesr andw. We take Lagrangian relaxation around these
two constraints so that the remaining constraints get q@edurom the objective function. In the process, we will whibhat
one of the subproblems with integrality constraints can dieesl by relaxing the integrality requirement. First werstaith
the Lagrangian,

ke seSy meP},



Rearranging, we get
L iIJ w;u, ’U Z Z Z gkm k + ukm Ukm)‘rkm + (Uzm - Euim)wzm]
ke s€S, meP;;
This can be written as
L(z, w;u,v) = Ly (x;u,v) + Ly (w; u, v).
The dual Problem (D) is

sp = {J,Iilélo} g(u,v).

where,
g(u,v) = {max} L(z, w;u,v)

Note that for a giveru andwv, the Lagrangiar is separable iz andw and reduces to solving two independent subproblems

max L(z,w;u,v) = g, (u,v) + gu(u,v)
{z,w}

where
gz(u,v) = r?a}xLz(a:;u,v)
= I’?a}X Z Z Z (flf:m Z+u2mdz _UZT‘VL)J;Z’"L
"1 keKk seS, meP;
subject to constraints (1a), (1c¢) and (1b) and
gw(u,v) = I?ai<L w(W;u,v)
= mx 33 (o - st
ke}CseskmeP“

subject to constraints (1f) and (19).
Thus, to solve the original ProblerR), we use the algorithmic steps shownAngorithm 1.

Algorithm 1 Decomposition Algorithm
1: GeneratePy for all s € g,k € K
cu=1andv =1.
: Solve g, (u,v) and g,,(u, v) and derivex and w
: Solve forsp and update the values af and v
: Check for the convergence of the iterations, if not convdrgm to Step3

a »~ WN

Based on the discussion, so far, the solution to the Prob®rmgnsists of solving three smaller problems namelyu, v),
gw(u,v) andsp. In the following subsections, we present approaches tedblese three problems separately.

A. Solvingg, (u,v)

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

B. Solvingg, (u,v)

Problemg,, (u,v) is a special case of Multiple Knapsack Problem (MKP). MKP imokn to be NP hard. Thus, solving
the General MKP problem by direct methods imposes a severstraint on the scalability of the solution approach. In our
case, the volume of each item is equalltor 0 in all the knapsacks and size of each knapsack is integrddingnahis special
case effectively solvable by faster approaches. Below vedl show that there always exists an integral solution far it
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version of MKP. Moreover, at least one feasible optimum sofuof the relaxedy,, (u, v) is integral and hence the use of the
Simplex algorithm will give us the integral solutionBM K P (Relaxed MKP) can be written as:

n

F = max F(w) = max CiW;
pase () = e ey
(RMKP) sgbject to

ZAjijb
j=1
0<w; <1, (j=12,...,n)

where A is am x n matrix with non-binary entries @A, is the j** column of A capturing thea;;’s, amount of resources
required by;j" object init" sack),w is ann-vector of variablesy;, ws,..., w,), b a m-vector with nonnegative integer
components. The Dynamic Programming framework [10] is usesblve the RMKP. It is sufficient to consider the family of
ProblemsRM K P, (E):

Fk(b/) = max Fk(b/, w)

j=k
(RMKP(E) subject t

ZAj’ijb*bl
j=k
0<w; <1(j=kk+1,...,n)

for k varying from1 to n, and whereb’ is a state vector of dimensiom, b’ = (b},b,,...,b,), every component/ is
continuous and can take values in {Q]. The recurrence relation between the valuespfb’) reads:

F(b') = Oguakil{ckwk + Fep1 (b + Apwy)}

for k decreasing fromn to 1 and F' = F3(0).

The following is a useful result for solving RMKP. The sketohthe proof was originally given in [13] and is included
here in its entirety.

Theorem 1:Relaxed Multiple Knapsack Problem (RMKP) with; = {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 theabyo Programming approach. We intend to prove

that for eachk = n,n —1,...,1 and each integer vectd’ < b, we have an optimal binary solution étM K P;,(b") with
w; €{0,1} for j =k, k+1,...,n.

The initial inductive assumption is satisfied as the soluté RM K P, (b') is binary, since

F,(b') = max c,w, =

cn (w,=1) ifb-b'>A,
0<w, <1

0 (w,=0) otherwise.

Note that for integrab andd’, b’ < b, as an object either fills totally or not at all. Hence foe n, variablew,, takes either
the value0 or 1.

Now assume that for all integer vectdsSsuch thath’ < b, there exists a binary optimal solution f&M K P, 1 (b"). We
now need to show thaRM K P, (b") has a binary solution for eadi < b. Let (wf,,,wy,...,w)) be the optimal solution



for RMK Py 1(b') and (w},,wp,...,wh) for RMKP1(b' + Ay), and consider the two feasible binary solutions of
RMEKP,(b):

w’ = (0,w),,...,w)): with F(w®) = Fj1(b)
w! = (1,wi+1,...,w}l): with F('wl) = Ck +Fk+1(b/ + Ak),

wd,wl € {0,1} fori=k+1,k+2,...,n. Let

01 = {wl w?-Oandwjl—lj—k—i—l kE+2,...,n}
Oy = {wjl w?—landwl—Oj—k—Fl kE+2,...,n}
O3 = {w| w)=wj,j=k+1,k+2,...,n}.

Consider a set of feasible solutions®f/ K P, (b") defined azw® = w®+ a(w! —w?). The solutiomv® consists of fractional
values for some of its components and can be written in tHeviolg form:

wy = w)+a j €O
w§ = w?—a j€ Oy
wjo-‘ = w? j€e0s

Observe thatw® is a feasible point since by constructiarf, is a convex combination ab’ andw?!, sincew® = (1 — a)w"
+ aw'. We defineF (w®) = cya + Fry1(b' + Ara) which is the revenue when the knapsack contains exactlyctidran
of objectk and some amounts of objecis + 1,k +2,...,n} (fractional are possible) which are required to be choseill to
optimally a knapsack smaller by« in volume. We show that the ProbleRM K P, (aAy) for all 0 < « < 1, the optimal
revenue isF(w®)= Fi41(b') + 37, ¢ja (w' —w’), and thusw® is the optimal and binary solution df;(b'). We show
this by contradiction. Suppose, there exi@ts= («, Wi41, Wit2, - - -, Wy, ) such thatF(w) = F(w®) +~ and~y > 0. Consider
a feasible solutions” = w - (w® — w°) of RM K P,(0) (see Figure 1). Because the considered problem is lineahawe

F(@°) = F(@) - (F(w") - F(w")) )

and hence we have(w”) = F(w°) + ~. This is a contradiction, since we have assumed fat®) is the optimal solution
among the all possible values af)_ ,, w},,,...,w). Hence the values of'(w®), 0 < « < 1 lie on the line segment
joining points F(w®) and F(w?). Due to optimality of allF(w®), the solution set always contains either (F,(E) =
Ck + Fk+1(E + Ak)) or wY (Fk(E) = Fk+1(E)). |
Remark 1:An intuitive reasoning is to consider each constr@’}‘:1 a;; w; < byfori=1, ..., m as a hyperplane
being placed in the: dimensional space. Since all; € {0, 1}, these hyperplanes intersect with the axes and with eaehr oth
at points of typew = (w;, j =1, ..., n) only, wherew; € {0, 1}. Hence all the extreme points (points of intersectiom of
planes) have binary values. And for the same reason, we Gactieély find solutions using simplex approach which cteck
the extreme points only.

C. Solving the master duakp

Observe that the Problesy, is an unconstrained optimization problem with variahleandv. The function to be minimized
is nonsmooth, we use subgradient approach to solve the dolallel s,. This method iterates on the dual variablesndv.
Thus given the value aof andv, once the solutions to the subproblems$u, v) andg,, (u, v) are obtained, a dual subgradient,
() = (w,‘iﬁfj)) and () = (Tl'zm ), for g(.) can be computed using subgradient methods.

ﬂzgz) = (xf,,d; —ewy,,) meP;,seSkkek

; (10)
Tr}cm :(wlscm_‘er) mEPE,SGSk,kGK.

Then dual multipliersu andwv are updated using
ug,, = maxo,us,, — )\uﬁzg)},vzm = max{0, vj,, — A wzm)}

We have used the subgradient method with relaxation to nizeirthe non-smooth dual function. Hence the si2zgsand \,,
are given by
g(u,v) — g*

) )\v =p
|7 (o) ]2

where,g” is the value of the best primal feasible solution obtainethsd/Ne takep = 2.0 and half it, if the solution value does
not change for consecutivl) iterations. We put the maximum iteration bound 1880 and if reached accept the maximum
revenue solution among the already encountered ones aptineabsolution.

We estimate the proximity to the optimal point based on tHaevaf A, and \,. As the value ofy* andg(u,v) get closer,
the step size gets smaller and smaller. In order to evalhatedrrent convergence state of the algorithm, we define

= VA2 ¥ A2, (11)
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We assume that the iteratiofishave converged as soon as< ¢, for chosen value ot as error margin. Regarding the
generation of a feasible solution, it is known that the firduton derived from the algorithm presented above migtithe
feasible (some of the constraints might be violated) ana&éeasible solution needs to be derived at each step ofdtsaitn
from the given values ofc andw. The approach we use is to assume the valuess dthe binary variable) as given and
solve the complete Problen), which is a linear program, to get feasible valuescofind compute the value of the objective
function f. During the course of the algorithm, we store the solutioricivthas the maximum value of objective functigh
and it is the solution” of the Formulation ). Corresponding to the solution, we also store the values afdw which are
used in further analyzing the solution.

V. RESULTS AND DISCUSSION

The aim of this section is two-folds: (a) to study the conemge behavior of the decomposition algorithm, (b) to show
the interaction between tunneling, capacity and diversdpstraints, At this end, we have implemented the decorniposi
algorithm inC*++, where, we solve the subproblems using CPLEX callable riisd6].

We conduct the study for experimental networks shown in fleég2- 5. These networks are taken from already published
literature [14]. For these experimental networks we preweétailed results and help user derive insights into thexdeh EN
| has 12 nodes, 18 edges and average nodal degree (ratio denwhedges to number of nodes) of 1.5. EN Il has 6 nodes,
12 links and an average nodal degree of 2.0. EN Il has 12 ndfetnks and an average nodal degree of 2.08. EN IV has
10 nodes, 26 links and an average nodal degree of 2.6. ObdetvEN 1V is the most well connected network where as EN
| is the least.

For the given experimental networks, we consider capadis2d Mbps for each link (referred to as baseline capacity). We
assume demand between all pairs of nodes. We also assuneatiatiemand has three service classes, where each class has
a volume of 100 Mbps. We define the value of diversity constraf = h°h* for k € K, whereh® is the relative diversity
requirement of service clagssandh* is the normalizing factor. We assume that service class 11(shas highest survivability
requirement and hence assufre= 0.4, service class 2 has less stringent requirement and hercassume:?> = 0.6 and
for service class 3, we assumé = 0.8. Since, we assumed that service class 1 has highest sulityvadguirement, we also
assumed that the revenue is higher for that service clasa@uddingly for other service classes as well. Hence wenasdu
(L =5,¢}=3and(} =2 for k e K.
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A. Convergence Behavior

We start with the first aim where we establish the convergbased on the value ef, where: is the iteration count. Notice
that e captures the resultant step-size based on which duals ai@eagpat each iteration. As the algorithm progresses, the
value ofe decreases and the algorithm stops wheg 0.01. For the study, we assumed that the normalizing faktos 0.5.

In order to fully understand the convergence behavior, wdysthe convergence under three different scenarios. Ifirste
scenario, we ensure that both the tunneling and the capamitstraints are stringent. Hence we assume’fhat 20 and each
link has capacity of 622 Mbps. We present the value;dfor increasing: for the experimental networks in Figure 6. In the
next scenario, we ensure that the tunneling constraintiisgeint where as network is over-provisioned in terms ofaciy.
Hence we takéy; = 20 and make capacity of each link equal to three times its ptasdne. We present convergence results
in Figure 7. Further, we evaluate the counter scenario whigee 40 (over-provisioned in number of tunnels) and capacity is
still 622 Mbps (stringent in capacity) and present convecgeresults in Figure 8.

Similar results were observed for other scenarios as welte that for all the scenarios the value @pfdecreases in steps.
This can be attributed to the parameptemwhich is halved if the solution does not improve for 40 cangive iterations. Hence
the value ofe; will decrease due to smaller value pf Moreover, we also observed that the for tunnel constragoesharios,
the primal feasible solutiory{*) is much smaller than the relaxed primal solutign(, v) + g., (u, v)). This can be explained
by observing that the relaxation is taken around the tungetionstraint. Hence when the tunnels are fewer in number, th
primal feasible solution has to reject a lot of flows due to-awailability of tunnels. However, for the scenarios white
over-provisioned in number of available tunnels, the timoenstraint is nearly obviated and the capacity congtetermines
the flow allocation. In this case the feasible primal solutabosely follows the relaxed primal solution.

Note that we have also solved a 100-node network (the lastiroffable I1I-C) which took less than 300 seconds on a
shared machine; its convergence behavior is presentedyure=D. Thus, the convergence property of the algorithm usdo
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to be good.

In the following sections, we use the decomposition algamito study the formulation to understand the interplay leetw
tunneling, capacity and diversity constraints, as welliasél cost. The intention is to understand the performahcevork
under various provisioning scenarios and the role of variparameters towards the solution of the formulation. Tiongy
the experimental networks (EN-1, EN-II, EN-IIl, EN-IV) angsed in the rest of the study.

B. Impact of Capacity Constraint

In order to study the role of capacity constraint, we coneldatxperiments where we varied the values of tunneling and
diversity constraints while increasing capacity from bhse value (100%) to three times the baseline capacity (300e
present the value of fraction of accepted demands (FAD)frdation of used capacity (FUC) and the utilization of maxim
loaded link (UML) for T, = 20 andh* = 0.5 in Figure 10 andl; = 40 andh* = 1.0 in Figure 11, respectively.

We observed that the presence of fewer number of tunnelept®ethe demands from utilizing the excess capacity in the
network. The effect gets amplified when coupled with smaliglues ofh; which prevents a tunnel from accepting more
flow, even if the links have unused capacity and thereforeasels get refused. Furthermore, higher survivability neqoent
translates into demands requiring more and more tunnals, l#ading to increased requirement of tunnels in the nétwor
Therefore, minor relaxations in the survivability requirent of demands translates into much fewer values of redjtinenels
to achieve similar performance.

C. Impact of Tunnel constraint

Next, we study the role of tunneling constraint and the wayvhich the formulation responds to increasing number of
tunnels for various provisioning scenarios. Here, we presesults showing the changes in values of FAD, FUC and MLU
where available number of tunnels are increased from 10 t&&0considerh* = 0.5 and baseline capacity in Figure 12 and
h* = 0.5 and 300% of the baseline capacity in Figure 13. The interido isolate the regions where tunneling constraint is
critical to achieve higher utilization of the network resces.

We observed that for network operating under the state ofl@a@ in terms of capacity, fairly small number of tunnels ar
required to sustain the network in its high load state. Ttessall numbers are further lowered by decreasing the subilitya
level of the demands supported by the network. Interegtinvgt found that the networks having higher amounts of caypaci
and higher levels of survivability are much more sensitventimber of allowed tunnels in the network. The impact is even
more prominent for sparsely-connected, large-sized nésmike EN-I and EN-III.

D. Impact of Diversity Constraint

In this section, we study the role of diversity constrainwaeds the utilization of available capacity in the netwadtdence
we present the value of FAD, FUC and MLU for values /of from 0.15 to 0.95 with7, = 20 and baseline capacity in
Figure 14 andl; = 40 and 300% of the baseline capacity in Figure 15. Note that gihgnthe value ofh* does not alter
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the relative survivability requirement amongst the servtasses. When we decrease the valug*ofwe scale up the over all
survivability requirement of all the service classes in tigtwork.

Interestingly, a reasonably high* (0.65) suffices to ensure high levels of utilization of netkveapacity. In other cases
with fewer tunnels, even for much lower levels of survivapi(~* = 0.95), the available capacity is not utilized. That is tg sa
that the demands are refused (value of FAD is less than otfeuglh un-utilized capacity is available in the network U
and MLU are less than one). Hence such small amounts of tsiramel extremely unacceptable for such well-provisioned (in
terms of capacity) networks. More so, in order to providehkiglevels of survivability in a large, sparsely-conneatetivork,

a sacrifice has to be made in terms of fraction of accepted w@snd hat is, in extreme cases, it might require rejection of
demands in order to ensure higher survivability standasdbé accepted demands.

E. Impact of Tunnel Cost

Note that we had assumey = 3, ¢ =2 and(} = 1 for k € K. In order to study the impact of weight factéf on the
allocation of flows and tunnels, we vary the valueggf= ¢ from 0.1 to 0.9. We present the values of FAD, FUC and MLU
with T, = 20 and baseline capacity in Figure 16 ahd= 40 and 300% of the baseline capacity in Figure 17.

Note that as the value df increases, longer (multi-hop) paths are no more profitabte lence solution moves towards
allocating more and more flows to min-hop paths. Such a behdranslates directly into much lower values of FUC and
MLU. More so, the value ob and ¢; determine the set of acceptable paths for a service classdefrand. For giverg;
and # = 0.5, service class 3s(= 3) tunnels with fewer than four hops would still lead to pastirevenue, where as for
service class 2 tunnels with less than six hops are still@abée and for service class 1 tunnels with 10 hops can be used
for allocating flows. Hence the diversity constraint and tilmenel cost have a balancing impact. Smaller value of thersity
constraint forces a demand volume to take multiple pathdcfwhre also longer path), but such long paths are no longer
profitable (for a giver¥) and hence formulation chooses to reject the extra demalndeoin spite of the presence of capacity
and tunnels on the links.

VI. CONCLUSION

In this paper, we present a diversity based protection aobrdor low cost, best-effort services in a tunnel based otw
to avoid any total loss of connection due to node/link fagirintroduction of such a diversity based approach cowd te
over whelming number of tunnels in the network. Hence we als@duced tunneling constraint by restricting the number
of active tunnels on a link. Diversity reservation is embedidy restricting the fraction of allocated demand on a tunne
We also extend the model to incorporate a hop and flow basetlwost. The integrated model is a mixed integer linear
program. We also present a Lagrangian relaxation basedmexsition approach to solve the problem for large networke
approach requires solving multiple programs of smallee siad simultaneously updating the dual so as to arrive at tla¢ fi
solution. Using the solution approach, we present reseltsahstrating the interplay between tunneling, capacity diversity
constraints. The results showed that the tunnel constnaimtsimilar effect as that of the capacity. Particularly,l&mge-sized,
sparsely-connected networks, tunneling and diversitysttamts affect the solution more drastically. More so, ffietworks
having stringent survivability requirements, presencdigher number of tunnels on each link becomes crucial.
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