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Abstract— An important traffic engineering problem for OSPF  suited as awfflineoption. Based on projected demand volume,
networks is the determination of optimal link weights. Certainly, network bandwidth and network goal, an off-line mechanism
this depen_ds on the traffic engineering objective. _Regardless, computes an optimal weight system which is communicated
often a variety of performance measures may be of interest to a to th ¢ Such de of fi hand. qi th
network provider due to their impact on the network. In this 0 the routers. such mode of opera |on_, on one_ and, gives the
paper, we consider different objectives and discuss how they Operators more control over the behavior of their netword, an
impact the determination of the link weights and different perfor-  on the other hand, makes it possible to use fairly sophistica
mance measures. In particular, we propose a composite objectv algorithms for the computation of better link weights. Iristh

function; furthermore, we present a Lagrangian relaxation- packqrop, we present our work as further exploration of OSPF
based dual approach to determine the link weight system. We iaht t I lculati hani
then consider different performance measures and discuss the weight system as ofi-liné calculation mechanism.

effectiveness of different objectives through computationiastudies Historically, IP networks using OSPF have been engineered
of a variety of network topologies. We find that our proposed based on simple rules of thumb. An approach recommended

composite objective function with Lagrangian relaxation-based py Cisco [6] was to set link weights as inverse of link capacit
dual approach is very effective in meeting different performan@ ¢ jgea was that the links with slower rates should get less
measures and is computationally very fast. . . .

_ _ _ _ traffic and the ones with higher rates can handle much more

Index Terms—OSPF Networks, Traffic Engineering, Link traffic. An explanation of this weight can be made based
Weight system, Optimal routing. on the M/M/1 queueing model; the average packet delay
on a link based on the M/M/1 queueing model is given by
|. INTRODUCTION 1/(c— f), wheref is the flow on a link (“link load”) and: its

Link-state routing protocols such as OSPF (Open Shof2'responding (normalized) capacity. If a network is destl
est Path First, [19], [20]) and IS-IS (intermediate-system © have low utilization values, thefi < ¢, and therefore, the
intermediate-system, [5]) are commonly deployed as intrd/@y1/(c—f) ~ 1/c. Thus, in such situations, weights based
domain routing protocols by Internet service providers. N inverse of the link capacities can be suitable. Although
OSPF (or IS-IS), each node finds all shortest paths for evd@jfly Simple and intuitive, such an approach does not agtou
destination based on the provided link weight system. WifA" the expected traffic or when the link load is non-negligib
the equal-cost multi-path (ECMP) mechanism, all the trafffR@mpared to the capacity of the link.
coming to a node (originating and transiting) having the sam
destination is aggregated and split almost equally amongst Rejated Work
the outgoing links which are on the shortest paths to the ) )
destination. Note that OSPF splits traffic among the outgoin 11€ré have been several recent studies of the OSPF link

links (not paths) of the shortest paths for a source-de#tima weight determination problem. An early work was by Fortz
pair. and Thorup [11] where the authors have used a piece-wise

Recently, there has been a growing interest in the probldfie@" approximation as the link cost function to account fo
of efficient engineering of an intra-domain IP network usingflay and discussed the performance and complexity issues o
OSPF [11], [22], [23]. Such initiatives aim to tailor the kin 1€ Problem. They have presented a local-search heufftic.
weight system based on the expected traffic demand so adlfgll Study, they have considered two networks one with 90
ensure efficient use of the network. By adjusting the Weigﬁ{:’des and 274 links, and the_other with 100 _nodes and 360
system appropriately, demand can be carried by operating HiKS- They showed that a weight system designed based on
network at a proper utilization level with reduced end-tate €XPected raffic pattern performs much better than the weigh
delay, hence obviating the short-term need to add additiofYSt€™M Pased on inverse of link capacities. They also showed
capacity to the network. Moreover, it gives the operatorstﬁat’ for arbltr.ary weights in the worst case (for the assime
way of controlling the network by manipulating weights Opnk cost function), delays for an OSPF network could be 5000

links. Typically, such a weight adjustment mechanism isenofiMmes higher than that of a network using optimal routing;
they concluded that, to avoid such a pitfall, weights shdadd
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their heuristics to compute weights was about an hour for tBe Scope of the paper

100-node network. Ericssoet al have presented a genetic | this paper, we consider three objectives: i) minimizatio
algorithm based approach in [9]; they have used a similgf (4] link flow, ii) minimization of maximum link utilizaon,

objective function and same networks presented by Fortz agdy jiiy a composition of the first two objectives. We also
Thorup in [11]. The gap between the solution proposed Byesent a new solution approach based on the Lagrangian
Ericssonet al and the lower bound was reported to be larggg|axation-based dual method to determine the optimal hteig
than the corresponding gap for solution provided by Fort aQystem: two key aspects about this approach are that 1)-equal
Thorup; however the computing time for the genetic alganith ¢st mylti-path (ECMP) is incorporated into the core of this
was between 10 to 40 minutes. o approach, 2) the Lagrangian relaxation-based dual is uzed f
In a work independent to the above workpfi et al [22] |ink weight determination rather than the typical appiicatof
have shown that finding a weight system is NP-Comple{fie such dual approach to obtain the primal solution through
even for a single demand. They have presented heurisligsy Furthermore, we address how to obtain an integersbase
that are based on weight adjustment, simulated allocation g,;eight system. We have tested our algorithm on large netvork
simulated annealing approaches. For a network with 56 noqgSghow ‘that it is a viable approach. Through computational
and 208 links, the computing time for simulated allocatien iy, gies, we demonstrate the effectiveness of the Lagrangia
reported to be approximately 54 minutes. Harmatos has pfgraxation-based heuristic. Furthermore, we identify aoge
sented an iterative heuristic in [14] where the author @BTS| o formance measures that might be of interest to service

the same networks presented in [22]. The author has showiders, and report how these measures are impacted due
that the heuristic is successful in finding better solutitven 4 jifferent objective functions.

the randomized optimization heuristics presented in [28] a The paper is organized as follows: In Section II, we define

compgratively in much less time than most of the heuristicg,e ogpE weight system problem. In Section III, we present
especially for the 56-node network. _ _and discuss various possible objective functions. Next, in

Wang et al [27] have shown that any given set of optimakeciion |v we present our approach based on Lagrangian
routes can be converted to shortest paths with respect t a,8¢,yation and dual optimization. In Section V, we present

of positive link weights and link weights can be calculatef}merical results for experimental networks and randomly
by solving the dual of a linear programming formulation;

X , ! : generated networks.
the relation of dual solution to link weight has also been
independently discussed in [1] and [22]. Ramakrishnan and
Rodrigues [23] have proposed a combinatorial approximatio
algorithm. They have considered minimization of the averag We consider an OSPF network where the traffic volume
delay of packets in the network as the objective functiore THrom an ingress router (source) to an egress router (déstina
authors have shown that their solution gave results wittB#@ is given. Note that such traffic volume data can be determined
of the optimal solution for the general routing problem for &om operational networks; see [10], [28]. In our case, we us
16-node sparse network. the termflow to refer to the total traffic volume between an
Some recent works [3], [4] address the OSPF link weigimgress node and an egress node, either sent on the shortest
problem by avoiding multiple shortest paths. [4] have preath, or split over multiple shortest paths using ECMP.dvall
sented a branch-and-cut algorithm by maximizing the mimg [22], we first give a general framework for OSPF routing
imum residual capacity as the performance criterion afidw model using a link-path based multi-commodity flow
reported results for networks with 9 nodes and 15 links. Bldgrmulation. This formulation inherently distinguishesvils
[3] has presented an integrated formulation for designingb&tween source-destination pairs whereas OSPF disthnggiis
cost minimal IP network design problem (as opposed to tlflews based only on destinations. It has been shown in [25]
traffic engineering problem) that uses non-bifurcated teilsor that if we are distributing flows over shortest paths, it doet
path routing. Results are reported for networks with up to 36ake any difference since the segments of shortest paths are
nodes, with computing time of 23 minutes. also shortest paths. In other words, if source nadesnd B
It may be noted that most of these works consider onhave a shortest path to nodewhich goes through transit node
a particular objective function. Furthermore, while eadbrkv 7', path segmeni’-Z is also the shortest path froffi to Z.
uses different computing platforms, the computing timetils s Hence flow fromA and B (multiple sources) tdZ which meet
noticeably significant as the number of nodes and links groat7 will stay together afte” all the way till Z. That is, we can
In this paper, we consider three different objective fumisi be assured that any two flows having same destination meet
and their impact on traffic engineering of an OSPF networknly once and then stay together. Such a property allows us to
Furthermore, we present a Lagrangian-based dual approachuise path based formulation and still ensure that the déistina
determining link weight while incorporating ECMP alloaati based forwarding of OSPF is captured.
and integer weights. As we report later in Section V-D, our We denote the link weight system hy = (w,, ¢ € L)
approach is very fast in solving large network problems witlwhere w, is the weight of link¢; note that our goal is to
good quality solutions; for instance, the computing time afetermine this link weight system (see Table | for the list
our algorithm for a network with 100 nodes and 579 links ief notations). The space of the weight system is defined as
often less than a minute on a standard pentium-based compig where W = {wl|w, € {0,1,2,...,w}}; here,@ is the
while meeting a duality gap of 0.5%. maximum allowable value. It may be noted that while OSPF

II. PROBLEM DEFINITION



N Set of nodes in the network A Objective Function—A

D . Set of origin-destination demand pairs in the network
L : Set of links in the network . L . L
P, : Setof 'Cand:date path\g for demand pairs D Con_5|d_er the objective _func'qon_ that minimizes the used
ce 1 Capacity of linké € £ capacity in the network. This objective was used in [22]oAc
hg : Traffic demand volume for demand paire D porating this objective, we can write the following formtite
6y 1 Entries of link-path incidence matrixt if path j of PA.):
demand paii use link¢, 0 otherwise ( 1)-
wy . Link weight of link £ € £
by : unit cost of flow on link¢ € £ Ty =min fi(w) = b 58 1 (w 2
ve - link flow (load) on link £ € £ VT el fi(w) ;: Z;} EZP: g Ta(w) ()
J d
TABLE | subject to
NOTATIONS USED IN FORMULATION
> zg(w) = hg, deD (3a)
JEPa
allows the minimum value of the weight to be 1 and maximum
to be 216 — 1, IS-IS allows the minimum to be 0 and the >N 6 wa(w) < e, LEL (3b)
maximum to be 63 (which has now been extendegto-1). dED jePy
Note that it is important to have enough paths in the73get
such that for any given weight systemn there are no shortest w e W. (3c)

paths at optimality that is outside the sB;. Hence, fairly

large number of candidate paths need to be pre-computedrhis formulation attempts to allocate most demands to
However, we can circumvent this computational overhead ylosest to) minimum hop paths, based on unit dessubject
using path-generation based techniques which can addnglevo capacityc,. The main difficulty with this objective is that
paths in an iterative fashion; for details, see [8]. at optimality, a link can still have 100% utilization which i

We define flow allocated to path € P, of demand pair not desirable in an OSPF network due to queueing delay.
d € D due to the chosen weight system by x4 (w). Note

that flows are allocated to patt; while honoring the ECMP

principle. That is, based on the given weight systemwe B Objective Function-B

first find the set of all the shortest paths (subsePgf, these _ ) o
shortest paths are allocated flows based on the ECMP rule!n order to avoid the problem faced by the first objective
Flows on different paths dictated by weight systermeed to function, utilization on any link in the network is desirebl

satisfy the following system: to be as low as possible. This can be achieved by minimizing
the load of the maximum utilized link. This objective has ibee
Z rgi(w) = hgq, deD, (1a) known in the literature for sometime (for example, see [2]).
JEPa We definet(w) as the maximum link utilization when flows
are allocated based on ECMP-based shortest paths, dictated
> 0 zg(w) < e, LeL (1b) by weight systemw. The goal is to minimize(w). We refer
deD jePq to this formulation asHA,).
w e W. (1c) 7y — 1&1}]} falw) = tw) @)

The first constraint refers to the fact that paths are to carry
all the demand volume for a demand pdie D. The second  gypject to
constraint is to ensure that the flow on a link does not violate
the capacity constraints. This system implicitly assuntneg t Z zg(w) = hg, deD (5a)
the network has the capacity to carry all the demand for

a link weight system; otherwise, the above system will be TP

infeasible. The unknown in the above system is the weight y

systemw; given this weight system, values far(w) can be Z Z Ogj raj(w) < Hw)ey, L (Sh)
obtained. We refer to the above systemm&)( It is important d€D jEPa

to note that the system shown in (1) et a set of linear

equations/inequalities due to the functional dependerficy o wew. (5¢)

on weight systemw. For convenience, we will also denote the ) ) ) )
expression on the left side of (1b), i.e., the link flow on link Note that this formulation can avoid the short-comings of

¢, by ys. the first objective function but can introduce its own. For
example, a demand could choose an extremely long path and
increase the overall capacity usage of the allocation.obigfn,
low value of link load/utilization leads to smaller delays o

In this section, we present three objective functions whiamch hop, the end-to-end delay could still be noticeable if a
can address the goals of interest to backbone service grsvidpath consists of many links.

IIl. OBJECTIVEFUNCTIONS



C. Combined Objective Function IV. DECOMPOSITIONALGORITHM (DA)

By considering the objectives described in the previous sub Our heuristic approach is based on Lagrangian relaxation
sections, we construct a composite objective function whi@nd dual maximization using subgradient optimization (,[12
combines the benefit of minimization of total flow and th&l3]). Itis important to note that the purpose here is to fink |
goal to reduce maximum link utilization. We introduce sogli weight systemw; this is different than the typical use of such
factor o (> 0) to the first objective function (2) and (> 0) Lagrangian relaxation-based dual approach where the goal i
to the second objective function (4) to construct the net@ determine solution for explicitly defined primal variabl
objective. We refer to the formulation with the new objeetivFurthermore, we need to make an adjustment that requires the

as PA;). algorithm to allocate flows to the shortest paths mimicking
B ECMP, as the iteration progresses. We describe our approach
Fs(a,8) = I{Illr}l fa(w,a, B) for (PA3) while the approach is applicable to the first two

formulations as well. Briefly, here we optimize for variable

= mina) b Y > dyzg(w)+pt(w)  w; using the expression (14) for link weights as a guiding

twh U2 depjer, principle, we determine the dual multiplier® at each dual
iterationk; in turn, we computev® to serve as the link weight
in iteration k — this is then used to determine the flayy; at
iterationk using the ECMP rule. This process is continued as
the dual multiplier is updated using the Lagrangian relaxat
framework.

, Consider Lagrangian functio, obtained when capacity
Z Z 0 xaj(w) < Hw)ee, €L (D) constraint (6b) is relaxed:

subject to

> zg(w) = hg, deD (6a)
JEPa

deD jePq
wEW. (6c) Liwiw) = a) by Y 64 zg(w)+ftw)
teL deD jePq
Note that by tuning values ofr and 3, we can control ¢
+ Zw (Z Z g5 Taj(w) — t(w) cp).

the importance given to one (hop-count) or the other (link
utilization). However, there is a difference of scale in the
values ofa and 5. On one hand¢ is multiplied to the total . .
flow in the network which is many times the total network-Dual problem (D), corresponding to problemAs), is
wide demand volume; on the other hartljs multiplied to sp = max g(7), (7)
the load of maximum utilized link which is between zero and w20
one. Hence, choosing and 3 close to each other, or largerwhere
values ofa: will make the composite objective function behave g(m) = min L(w; ). (8)
like the first objective function. Choosing very small vadue wew
« anq very high v'alue off will make Fhe .composi.te objective Here, sef is given by
function behave like the second objective function.

To summarize, we have presented a composite objectiVe = {w| Z zgj(w) = hq,d € D;zgj(w) > 0;w € W}
function by combining two objectives that can be useful to JE€Pq
service providers for engineering OSPF networks. There is, 9)
however, a difficulty with all the three formulations—theyear The basic algorithmic structure to solv®Aj) is given in
not mathematical programming problems due to functiondlgorithm 1.
dependency ofrg4(w) on link weight systemw that can
not be stated explicitly. On the other hand, if we ignorélgorithm 1 Decomposition Algorithm
the dependencyw, then the resulting problems with justprocedure DA(h, G)
flow variables,z,;, are linear programming problems; then, 1. Initialize dual variabler
optimal objective function values to these linear prograngm 2. Obtaing(w) based on the present value of the dual
problems serve as lower bounds to the optimal objectivenfer t variabler
original problems since the dependencywrcan be thought 3. Update dual variables with a goal to solves p using
of as another set of constraints. It may be noted that prablem  subgradient optimization
(PA;), (PA;) and PA;) can be still considered as multi- 4. Check for the convergence; if not converged, go to
commodity flow problems; in our case, they are represented  Step2
using the link-path formulation since we assume that the
candidate paths are pre-processed. The weight deterorinati
problem, even for a single demand, have been shown to be .
NP-complete (see [21], [22]). In the next section, we preseh: Determiningg ()
details of a decomposition algorithm for solving the above Determiningg(7r) involves minimizing Lagrangian function
formulations. L when dual multiplierr is given. Rearranging the Lagrangian

teL deD jePy




function, we arrive at Algorithm 2 ECMP Flow Allocation Algorithm (given de-
mandd with source node and destination node and the set

SN D (w4 aby)sh g (w) of ECMP pathsP*")
g(mw) = min { I€PIEPLLEL , procedure EA (s,r,hq, P*")
wew | +(8 =D moco)t(w) S = {0 € £|¢ is first link of path? € P*"}
teL W = ha
(10) [S+r]

for all £ € S*" do

n « otherend({, s)

flowy «— flow, + I

if n # r then
P = {P\{¢} |¢ is first link of pathP € P*"}
EA (n,r, b, P"")

Note that the evaluation of(w) depends on determining
zqi(w) and t(w) first. However, they can not be decoupled
(as would be the case in a standard Lagrangian relaxed based
dual approach) due to the direct relation between the values
of zq;(w) and¢(w) through the link weight variablev since

t(w) = max 8%z g (w)). 11 end if
(w) el {;j;d 4% (W)} (11) return
end for
Consider sell defined as
IT = {m| ;e;:mcz = A} 12) g Solvingsp

Problem,sp as given in (13) is an optimization problem
Observe that wherr < II, the co-efficient term of(w) over the sef{n|w € ITI}. Functiong() to be maximized is a
in (10) vanishes and thus finding=) becomes independentnon-smooth function; thus, we use subgradient optimigatio
of the value Oft(W), this then Slmpllfles the minimization approach [15] to solve dual prob'em—b' Suppose at dual
problem. We can incorporate this restriction since at thgration k, we have the dual multiplierr®. Then, we can

optimal solution to the original problemr would naturally determinew* using (14) which can be used for computing
satisfy the above constraint; this can be independentifie®r (r*) A dual subgradientA = (A,) for g(.) can be

through standard linear programming dual of the origin@bmputed as
problem along with the optimality conditions. Thus, if we
consider (7) only for the values af in setIl, that is for Ap=Y " 64 wagi(w®) —t(w)e,, e L. (15)
the revised problem deD jePy
Dual multiplier, 7, is updated as

sp = max g(m), (13)
mell 71'5+1 = max {07 W? + ’YkAg} (16)
then flowsz (w) in minimization of L in (10) can be allocated 1 - 8
to the paths which are shortest with respect to link weight T Ty SR 17)
weg =7+ aby, L€L. (14) The second step is done to ensure that IT1. In the update,

. i ) o ~¢ IS computed as
That is, any such allocation gives minimal value lofw; 7).

# _ k
In order for the procedure to work, we need to ensure that, at v = p979(77>, (18)
every dual iterationr satisfies constraint (12). Now, with the |A[[?

disappearance of the second term in (10), we incorporate thgere 4# is the lowest value of the feasible primal objective

ECMP feature of OSPF (in every update of the dual iteratiof)nction through iteratiotk. In our implementation, we set the
through appropriate setting of flow allocatiary; (w) based jnitial dual iterate as

on weights as given in (14). 3
In Algorithm 2, we present our implementation of the T = S tel (19)
ECMP algorithm for the link-path multi-commodity flow for- meL =m

mulation; this algorithm is invoked at every dual iteratidhis and setp = 2. We reduce the value op in half only
approach is derived from [9] which uses a node-link formulaf the solution value does not change for 40 consecutive
tion. At each dual iteratiort, procedureECMP_Allocationis iterations. We limit the maximum number of iterations to
executed for every demand and is used for determining valuk¥0. We estimate the proximity of the current point with the
of z that follows ECMP allocation. We refer 18" as the set optimal solution based on the value of duality gap computed
of all shortest paths from source nodend destinatiom with  as (%). When the value of duality gap is less than
wy as link weights; this set is a subset of the pre-processedwe stop the algorithm; otherwise, the procedure continues
candidate paths, and is thus readily available based orinthe luntil the maximum number of iterations is reached. In our
weights. If a demand has only a unique shortest path, then inglementation, we have used= 0.005. An important point
do not need to execute this procedure, rather we can diredythat we have assumed that ajls are not zero at any given
allocate the demand to the unique shortest path. iteration—this ensures that the division in (17) is validisth
assumption is realistic since needs to satisfy (12). Finally,



note thatwéf“ as computed in (17) is used for updating the  as a fraction of total capacity of the network. This is only

link weight (14) in the next iteration which is, in turn, used  relevant when the solution is infeasible.

in (10) to determine the ECMP flows. v) Fortz-Thorup Function (FT) [11] captures the the total
Observe that the decomposition algorithm does not ensure congestion cost incurred where the cost per ik given
that the weights obtained at the end (referred touwgy are by
integer valued. Since the OSPF protocol allows only integer ‘ ve _ 1
weights, we have used a simple heuristic rule to obtain érteg ye 9 or ? < gg < 52
weights based on the solution of the decomposition algorith 3ye — 3¢ for 3< o <3
as follows: by = 10y, — e for 3<% <q5
wf = w} xG], leL (20) CT) Toge - e for p<i<l

_ o _ 500y, — 8¢, for 1<% <

Here, G is a large positive integer, anfl] is the nearest 5000y, — %Cé for 1< L < oo

integer value obtained after round-off. After experimegti
with several values of7, we found thatG = 1000 seems to
work particularly well in the sense that flow allocation was n
affected between the non-integer and integer weights elériv
when this value of is used. Thus, all our results discussed
in the next section will be based on using integer weights
obtained from this scaling factor.

Remark The above decomposition algorithm, presented for
(PA3), is also applicable toRA;) and PA.). The main . . .
difference is how the weight is selected in each dual iterati The above five measures are often of interest to service

By using Lagrangian duality, as we have done above, it is ea{t%rf wderi. :Ne haYﬁ alzq cgns?ere;j tWOf ;ddm(_)n.al lme:;i?res
to show that instead of using (14), fdPA;), it becomes € gap between the objective function of the-original pe
and its linear programming relaxation, and the duality gap

wg=by+mp, LEL, (21) between the dual solution and the objective value deternine
based on the weights determined by our Lagrangian relaxatio
based dual approach; these “gap” measures are useful indi-
we=my, L€L. (22) cators of the quality of the solution. We have found that in
N ) ) ) _ almost all test cases we considered, these two gap measures
In addition, there is another important difference: in thS& \yere less than a fraction of 1%. There are a few instances
of (PA;), the dual multiplier space is the same B&{) while \yhere the gaps were about 6% when the maximum iteration
for (PA,), the dual multipliers need to be just the non-negativgnt for the dual iteration is reached. Thus, in generd, th
space. convergence property is found to be excellent in deterrginin
link weights that works with the ECMP principle. While there
V. RESULTS have been several papers that present various heuristics fo
We have implemented the decomposition algorithm usirtgtermining link weights, heuristics do not contain enough
Ctt. A network provider is usually interested in a set ofletails to be able to accurately implement them; thus, no
measures (rather than just the lowest objective functidmeya numerical comparison is done with existing heuristics.He t
to see whether the network is engineered properly. The g#@$t of our discussion, we will primarily concentrate on the
of this section is to see how various performance measufé¢ measures that are of interest to service providers.
are impacted due to different objectives chosen, and whethe
the algorithm performs well.

(23)

The scaled (normalized) cost |, - ¢¢/) is the ratio of
total cost of current allocation)(, . ¢¢) for the given
capacitated network as compared to the cost in case
the network was uncapacitated)( Observe that for an
uncapacitated network with convex link cost function,
cost is minimal when flows are allocated to hop count
based shortest paths.

and for PA,), it becomes

B. Network Study Cases

We have used three sets of test networks in our study.
The first set is based on well-known network topologies
In our study, we consider the following measures: (“experimental networks”) found in the literature; the sed
i) Maximum Link Utilization (ML) captures the utilization set is based on generating random network topologies using
of the link which is maximum loaded in the entireBRITE [17]; in the third case, large networks were used to see
network. the effectiveness of our decomposition algorithm in sa@vén
ii) Fraction of Used Capacity (FU) captures the total usddrge-scale traffic engineering problem from a computaiion
capacity in the final solution as a fraction of total capacitgoint of view.
in the network. Demands volumes between all pairs of nodes are assumed to
iii)  Number of Overloaded Links(NO) refers to the number obe 100 Mbps each for the uniform case, while for the random
links which requires extra capacity to make the solutiodemand case 100 Mbps is used asaheragedemand volume
feasible. This metric is important only when the obtainefbr all the demand pairs. We then use the Fortz-Thorup linear
solution is infeasible. programming formulation [11] (i.e., without any link weigh
iv) Fraction of required Extra Capacity (FE) captures theomputation) in an iterative fashion to derive the baseline
additional capacity required to make the solution feasiblemk capacities such that all the links have less than 67%

A. Performance Measures



utilization. Networks with 50% additional capacity are ided

by multiplying the baseline capacity for each link by 1.5. In
the next subsection, we will primarily concentrate dethile
discussion for the first set of experimental networks, witkthb
uniform and random demand volumes. Then in the following
subsection, we will comment on random networks and results
for large-scale networks.

Fig. 1. Experimental Network |

C. Study on Experimental Networks

The network topologies used in this study are taken fro
already published literature [16], [26]. We consider foet-n
works (Figures 1 to 4): EN-I has 12 nodes, 18 edges and
average nodal degree (ratio of number of edges to number of
nodes) of 1.5; EN-Il has 6 nodes, 12 links and an average
nodal degree of 2.0; EN-lIl has 12 nodes, 25 links and 5'19 3. Experimental Network Ill Fig. 4. Experimental Network IV
average nodal degree of 2.08; EN-IV has 10 nodes, 26 links
and an average nodal degree of 2.6. Observe that EN-IV is
the most well connected network while EN-I is the |easpetween two different objectives, and also increase in capa

Recall that our formulation is based on using a set of prQY)-
processed candidate path list: for EN-I, EN-1l, EN-lIl and We start with horizontal comparison. We observe that for
EN-IV, we have used 15, 6, 15, and 15 candidate paths fgP relaxation with objective-A, RA{), the maximum link
each demand pair, respectively. It is certainly possibk thutilization (ML) is always 100% when the baseline capacity
the true shortest path at optimality at least for some demari@ used (also true in some cases when 150% of the baseline
are not included in the initially processed list; howevhists capacity was used); this is not surprising given the goahisf t
unlikely when a large number of paths are considered to be@hiective and since an LP is solved. On the other hand, for
with. Based on the convergence results observed (from “gdf® counterpart RA;) when the link weight determination is
measures), the set of pre-processed paths is believed todgge through the Lagrangian relaxation-based dual approac
sufficient. Certainly, a path generation technique can leel ughe measure ML does not always reach 100%—this can be
to incorporate additional paths (see [21]) if the solutiomléty attributed to the fact that our weight selection is indeed
were not acceptable; however, this is outside the scopeeof tAfluencing the flow allocation on links in a positive manner.
current paper since our goal is to see the effectivenesseof ¥Yhen we consider 150% of the baseline capacity, solving
composite objective function and the decomposition atgori  (PAT) still results in ML being 100% in two cases, while none
From our initial study, we have found that using the La@re Vviolated whenRA;) is solved. This suggests that even
grangian relaxation-based dual approach on the second-obJith objective-A, capacity violation can be avoided withrou
tive function (i.e., ProblemRA.)) did not give feasible results link weight determination algorithm if the network capadis
for almost all of the experimental networks when the baseliiéasonably abundant.
capacity was used. This behavior is counter-intuitivessitis ~ Now consider the comparison betwedPA{) and PAs),
objective is to minimize the maximum link utilization. Oni.€., the case between LP relaxation and our algorithm when
closer scrutiny, we found that the weight selection baseithen the composite function is used. We note that ML increases,
dual solution, i.e., (22), along with the requirementiondue but FT-value is not significantly higher. Thus, this suggest
to (12) and the initial starting point far, given in (19) leads that the Lagrangian relaxation-based dual approach camearr
almost uniformly to zero for alk,’s at the end; consequently,at a good solution.
all paths are shortest paths since each link weight is zei®; t When we compare vertically, i.ePA;) and PA3), we see
often resulted in allocations that violated capacity carsts. that ML decreases with the composite objective, and the FT-
Thus, in the rest of the discussion, we will present results fvalue decreases as well. This is more pronounced when 150%
(PA;) and PA3). of the capacity used. We can infer that the composite obgecti
with the Lagrangian relaxation-based dual approach isequit
powerful in generating link weights without compromising
We present values of various performance measures fferent measures.
experimental networks in Tables 1l- V when uniform demand To avoid any possible artifacts due to uniform demands,
volume is used. For each problenPA) and PA3), we also we have also used the same networks with random demand
include results for their linear programming (LP) relagati volumes. The results are reported in Tables VI - IX. We
denoted by PAL) and PAY), respectively. The LP relaxationsobserve a pattern similar to the case when uniform demand
were solved using CPLEX. Following the layout of the resultgolume is used ruling out the possibility of any artifact.
presented in the tables, we discuss two types of comparisontt may be noted that in both sets of studies above, we
horizontal comparison (i.e., compare between LP relaratioeported results only for a certain combination (ef, 3) for
and the weight determination), and vertical compariso, (i. (PAL) and @PA;3). In actually, we have tested a variety of



TABLE I
RESULTS FOR(PA;) FOR EXPERIMENTAL NETWORKS (WITH UNIFORM DEMANDS)

(PAT) (PA1)
ENs ML FU FT ML FU FT F/I(NO, FE)
EN I 1.00 0.66 3.84|| 087 0.66 241 F(-)
ENTI 1.00 067 3.62|| 0.89 067 252 F()
EN I 1.00 065 451[| 1.04 - 1(,0.001)
EN IV 1.00 066 451 0.99 066 287 F()
TABLE Il
RESULTS FOR(PA;) FOR EXPERIMENTAL NETWORKS FOR50% ADDITIONAL CAPACITY (WITH UNIFORM DEMANDS)
(PAT) (PA1)
ENs ML FU FT ML FU FT F/I(NO, FE)
EN | 0.80 0.44 1.62|| 057 044 151 F(-)
EN Il 0.87 045 1.79|| 059 045 153 F()
EN Il 1.00 043 236|| 0.75 043 1.53 F(-)
ENTV 1.00 044 312[| 068 044 152 FC)
TABLE IV
RESULTS FOR(PA3) FOR EXPERIMENTAL NETWORKS (WITH UNIFORM DEMANDS)
(PAT) (PAs)
ENs (o, B) ML FU FT ML FU FT F/I(NO, FE)
EN I 0.5, 4) 079 0.66 249 082 0.66 241 F(-)
ENTI 0.9, 32) 0.67 0.67 2.00| 067 0.67 200 FO)
ENTI | (0.5 1024) || 0.67 067 2.09| 0.80 066 2.26 FO)
EN IV (0.9, 64) 0.74 066 237| 084 0.66 2.44 FO)
TABLE V
RESULTS FOR(PA3) FOR EXPERIMENTAL NETWORKS WITH50% ADDITIONAL CAPACITY (WITH UNIFORM DEMANDS)
(PAL) (PAs)
ENs (o, B) ML FU FT ML FU FT F/I(NO, FE)
ENT 0.5, 32) 053 0.44 1.49]|| 053 044 1.49 F()
EN 1l (0.5, 32) 0.45 0.45 1.49]] 045 0.45 1.49 F(-)
EN Il | (0.5, 1448) || 0.47 0.44 152|] 053 045 156 F()
EN IV (0.5, 64) 050 0.44 149 064 0.44 150 F()

combination ofa and 3, and reported a specific combinatiorSection IV for both PA;) and PA;3) in Tables X and XI which

to show that we observe a better behavior. We did not find aogrrespond to objective function-A and composite objectiv

specific pattern regarding deciding arand3; that is, it is not function, respectively.

possible to easily determine a rule of thumb on pickingnd From results for the 100-node network examples, we can

3 (except for the obvious extreme cases that were discusse@ that our algorithm is very fast, often taking less than a

earlier in Section [lI-C). Since computational time regair minute of run time. We found that in gener&lX;) took more

for running our algorithm is minimal (see next subsectian), computing time thanRA3). On closer scrutiny, we found that

user can run a series of values and choose a combination thai(PA,), the ECMP flow allocation procedure (Algorithm 2)

works the best depending on the importance of the goals\aas invoked more often compared to the corresponding case

indicated by the measures. for (PA3). In addition to taking less computing time, various
performance measures (such as ML, FT) are also found to be

D. Study on Random Networks and Large-Scale Networksmore effective with PA3) than PA;).

We have also conducted studies on two additional cases.

In the first case, we have generated random ten-node network
topology using BRITE with different nodal degrees (i.ef; di

VI. SUMMARY

ferent link connectivity) and compare®4L), (PA,), (PAY), In this work, we explore the problem of traffic engineering
and (PA3). We found the behavior to be similar to experimentan OSPF network by adjusting the link weights for different
networks. objectives. In addition to flow minimization and minimize

In the second case, we generated large network examplestaximum utilization as objectives, we also consider a canpo
gain insight on computational time. Our computation was pdte function that combines both these objectives. We pttesen
formed on a pentium-4 computer running the linux operatirey new approach to find such a weight system. Our approach
system. We have considered several 100-node networks w#lbased on Lagrangian relaxation and dual optimizatio® Th
the number of links ranging from 197 links to 579 links withtechnique is new in the sense of applying relaxation to the
nodal degree varying from 2 to 6. While we indicated earlietual of a problem. We found the technique to be very efficient
that a stopping criterion is when the duality gap threshdld for weight system computation and very fast computatignall
0.5% is reached, we still let the program run for a minimum dh addition, the composite function as the objective wa® abl
250 dual iterations; the maximum number of iterations istkepp generate solutions that perform well in terms of various
at 1000. We report results using our algorithm described performance measures that are of interest to network peosid
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TABLE VI
RESULTS FOR(PA;) FOR EXPERIMENTAL NETWORKS (WITH RANDOM DEMANDS)

(PAT) (PA1)
ENs ML  FU  FT ML FU  FT _ F/(NO, FE)
EN | 100 068 342| 091 068 2.59 FO
ENTI 100 061 443|[ 094 061 2.60 FO)
ENTI |[ 1.00 063 4.38| 096 0.63 2.83 FO)
ENIV || 1.00 068 342| 098 065 293 FO
TABLE VII
RESULTS FOR(PA1) FOR EXPERIMENTAL NETWORKS FOR50% ADDITIONAL CAPACITY (WITH RANDOM DEMANDS)
(PAT) (PA1)
ENs ML FU  FT ML FU  FT _ F/(NO, FE)
EN | 091 045 171|] 061 045 155 FO
EN 11 100 041 393[] 092 041 225 FO)
ENTI || 1.00 042 288|[ 0.77 042 150 FO)
ENIV |[ 1.00 042 3.27| 0.74 042 156 FO)
TABLE ViII
RESULTS FOR(PA3) FOR EXPERIMENTAL NETWORKS (WITH RANDOM DEMANDS)
(PAY) (PA3)
ENs (v, B) ML FU  FT ML FU  FT _ FA(NO, FE)
ENT | (0.9,2048) || 0.73 068 245|| 0.84 068 251 FO
EN 11 (0.9, 4 087 061 250|| 087 061 2.33 FO)
ENTI | (05, 181) || 095 063 356| 096 063 2.67 FO)
ENIV | (0.1, 90) 0.68 065 2.13|| 098 065 3.17 FO)
TABLE IX
RESULTS FOR(PA3) FOR EXPERIMENTAL NETWORKS WITH50% ADDITIONAL CAPACITY (WITH RANDOM DEMANDS)
(PAY) (PA3)
ENs (o, B) ML FU  FT ML FU _ FT__ F/(NO, FE)
EN | (09,8) || 061 045 152|] 061 045 154 FO
EN 1l (09,4) || 058 041 1.48| 058 041 141 FO)
ENII | (05 32) || 0.64 042 146| 064 042 142 FO)
ENIV | (09,90) || 069 042 159|] 0.69 042 150 FO)
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