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Abstract—Traf ¢ engineering is aimed at distrib uting traf ¢
SO as to “optimize” a given performance criterion. The ability
to carry out such an optimal distrib ution dependson both the
routing protocol and the forwarding mechanismsin usein the
network. In IP networks running the OSPF or IS-IS protocols,
routing is over shortest paths, and forwarding mechanismsare
constrained to distributing trafc uniformly over equal cost
shortestpaths. Theseconstraints often make achieving an optimal
distrib ution of traf ¢ impossible. In this paper, we proposeand
evaluate an approach,basedon manipulating the setof next hops
for routing pre xes, that is capableof realizing near optimal traf-
¢ distrib ution without any changeto existing routing protocols
and forwarding mechanisms.In addition, we explore the trade-
off that exists betweenperformance and the overhead associated
with the additional con guration stepsthat our solution requires.
The paper's contributions are in formulating and evaluating an
approach to traf ¢ engineering for existing IP networks that
achieves performance levels comparable to that offered when
deploying other forwarding technologiessuch as MPLS.

Index Terms— Routing, Networks, Traf ¢ Engineering, Aggre-
gation.

|. INTRODUCTION

As the amount and criticality of data being carried on
IP networks grows, it is becomingincreasingly important
to managenetwork resourcesin order to ensure reliable
and acceptableperformance Furthermore,it is desirableto

accomplistthis while minimizing or deferringcostlyupgrades.

Oneof thetechniqueghatis beingevaluatedby mary Internet
Service Providers to achieve this goal is trafc engineering.
Trafc engineeringaimsat usinginformationaboutthe traf ¢
entering and leaving the network to optimize network per
formance.Most often the output of trafc engineeringis an
“optimal” set of pathsand link loads that producethe best
possibleperformancegiven the available resourcesThis set
of pathscanthen be usedby network administratorswithin
an autonomoussystemto control the o w anddistribution of
traf c acrossthe network. However, explicitly settingup such
pathsand (optimally) assigningtraf ¢ to them,typically calls
for changego both the routing protocolsand the forwarding
mechanisnthey rely on, e.g.,throughthe introductionof new
technologysuchas MPLS [1].

Currently two of the most widely used Interior Gatavay
routing protocolsare OSPF[2] andIS-IS [3]. Henceit would
be bene cial to devise solutionsthat allow theseprotocolsto
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emulate“optimal routing; thus leveragingtheir widespread
deployment. Thereare two main dif culties in doing so. The
rst is that these protocols use shortestpath routing with
destinationbasedforwarding. The secondis that when the
protocolsgeneratemultiple equal cost pathsfor a given des-
tination routing pre X, the underlyingforwardingmechanism
performsload balancingacrosghosepathsby equallysplitting
traf c on the correspondingset of next hops. Theseadded
constraintsmake it dif cult or impossibleto achiese optimal
traf ¢ engineerindink loads.Oneof the rst worksto explore
thisissuewas|[4], wherealocal searchheuristicwasproposed
for optimizing OSPFweightsassumingknowledgeaboutthe
trafc matrix. [4] shaved that in spite of theseconstraints,
properly selectingOSPFweights could yield signi cant per
formanceimprovementsHowever, the paperalsoshoved that
for some topologies,performancecan still be substantially
differentfrom the optimalsolution.Subsequentha resultfrom
linear programming([5][Chap.17, Sec.17.2]) wasusedin [6]
to prove that any set of routescan be corvertedinto a set of
shortestpathsbasedon somelink weights, that matchesor
improves upon the performanceof the original setof routes.
This establisheshatthe shortestpathlimitation is in itself not
amajor hurdle.However, theresultof [6] assumegorwarding
decisionghat are speci c to eachsouice-destinatiorpair, and
moreimportantly the ability to split traf ¢ in anarbitraryratio
over differentshortestpaths.Both of theseassumptionsire at
oddswith currentIP forwardingmechanisms.

In this paper we proposean approactthatremedieshoth of
theseproblemslt builds on [6] by taking advantageof thefact
that shortestpathscan be usedto achieve optimal link loads,
but it is compatiblewith bothdestinatiorbasedorwardingand
even splitting of trafc over equal cost paths. Compatibility
with destinationbasedforwarding can be achieved through
a very minor extensionto the result of [6], simply by taking
adwantageof a propertyof shortespathsandreadjustingraf ¢
splitting ratios accordingly Accommodatingthe constraintof
even splitting of trafc acrossmultiple shortestpathsis a
more challengingtask. The solution we proposeleverages
the fact that current day routers have thousandsof route
entries (destinationrouting pre xes) in their routing table.
Insteadof changingthe forwardingmechanisnmresponsibldor
distributing traf ¢ acrossequalcost paths,we planto control
the actual (sub)setof shortestpaths(next hops) assignedo
routing pre x entriesin the forwarding table(s)of a routet
In other words, for eac pre x we de ne a set of allowable
next hops, by carefully selectingthis subsetfrom the set of
next hops correspondingto the shortestpaths computedby
the routing algorithm. This allows usto control how trafc is



distributedwithout modifying existing routing protocolssuch
as OSPFor IS-IS, and without requiring changedo the data
path of currentrouters,i.e., their forwarding mechanism.t
doesrequire some changesto the control path of routersin
order to allow the selectve installmentof next hopsin the
forwardingtable.

Our initial focus is on gaining a better understandingof
how well the selectve installmentof next hopsfor different
routing pre x es canapproximatean optimal traf ¢ allocation
(set of link loads). Becausethe problem is NP-hard, we
presenta heuristic with a provable performancebound as
well astwo other heuristicswhich perform very well in our
set of experiments.Even though we study these heuristics
in the context of a routing problem, we believe that they
are generic enoughto be of potential use in other load
balancingscenariosThe main nding from our investigation
is thatthe performancechievedby this approacltis essentially
indistinguishabldrom the optimal. This beingsaid,anobvious
drawback of “hand-crafting”the set of next hopsthat are to
be installed for eachrouting pre x in a router's forwarding
table,is thecon guration overheadt introducesThe potential
magnitude(proportionalto the size of the routing/forwarding
table) of this overheadcould make this approachimpractical.
As a result,our next stepis to investigatea solutionthat can
help mitigate this overhead,albeit at the cost of a possible
degradationin performanceSpeci cally, we limit the num-
ber of routing pre xes for which we perform the proposed
selectve installmentof next hops. Our resultsindicatethat a
signi cant reductionin con gurationoverheaccanbeachieved
without a major loss of performance.

The restof the paperis structuredasfollows. Sectionll in-
troduceghelinear programformulationusedin [6] to generate
an”optimal” setof shortespaths,andintroducesour proposed
modi cations to make it compatiblewith existing IP routers.
Sectionlll presentsa setof heuristicsfor approximatingan
optimal trafc distribution by manipulatingthe set of next
hopsassignedo eachrouting pre x. A performanceéboundis
derived for one of the heuristics(see Appendix). SectionlV
presentseveral experimentsthat rst establishthe ef cacy of
the heuristicsof Sectionlll, andthen explore the impacton
performanceof lowering con guration overhead.SectionV
provides a brief summaryof the papers contritutions and
outline directionsfor future work.

Il. FROM OPTIMAL ROUTING TO SHORTEST PATH
ROUTING

In this sectionwe rst brie y review the classicresultfrom
linear programming[5][Chap. 17, Sec.17.2] that was castin
the context of routing in communicationnetworks in [6] to
shav how optimal routing canbe achieved usingonly shortest
paths.We thendiscusswhy this resultis not directly usablein
currentlP networks, and nally proposesolutionsthat allow
us to implementthe resultunderthe existing paradigm.

The network is modeledas a directedgraph G = (V;E)
with m =k V k nodesand n =k E k directed links.
We assumethe existenceof a trafc matrix T where entry
T(sr;tr) = d; denotesthe averageintensity of trafc from

ingressnode s to egressnodet for commodityr 2 R. A
good referenceon how to constructsucha trafc matrix can
be found in [7]. Assumethat an optimal allocationbasedon
somenetwork wide costfunction yields a setof pathsP, for
eachcommodityr, so that the total bandwidthconsumedby
thesepaths on link (i;j) is & . It can be shavn that the
sameperformancejn terms of the bandwidthconsumedon
eachlink, can be achieved with a set of shortestpaths by
formulating and solving a linear programand its dual. The
linear programcan be formulatedas ([6])
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whereX is thefractionof trafc for commodityr that o ws
throughlink (i; j ). Solving the linear programgives a traf ¢

aIIocatiom‘X“{;j g that consumesho morethane; amountof
bandwidthon ary link (i; j). In orderto obtainlink weights
for shortestpath routing, the dual of the linear programas
formulatedin [)((5] needsto be)z(solved:
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The dual gives a setof link weightsf W;; g, from which
a setof shortestpathscan be constructedhat are consistent
with the trafc allocationvariablesf X7; g.

It is, however, importantto understandhatalthoughrouting
cannow bedoneover shortespaths thisis still quite different
from the forwarding paradigmcurrently deployed in existing
OSPFandIS-IS networks. The reasonsare two-fold andboth
canbetracedto the outputof the primal LP, namely thetraf ¢
allocationf X7; g. Firstly, obsere thatthetrafc allocationis
for each commodityor source-destinatiomair. This means
that the routing protocol could possiblygeneratedifferentset
of next hopsfor eachsource-destinatiopair on which traf ¢
is to be forwarded This impactsthe forwarding mechanism
on the datapath, asit now needsto make decisionson the
basisof both sourceand destinationaddresses.

The secondproblem relatesto the fact that current for-
wardingmechanismsupportonly equalsplitting of trafc on
the set of equal costnext hops.The linear programyields a
traf ¢ allocationthatis not guaranteedo obey this constraint.

1The bandwidthconsumedn a link is assumedo be the sumof thetrafc
on all pathsthat usethe link



Modifying the forwardingengineto supportunequalsplitting

(see, for example, [8]) of trafc would involve signi cant

and expensve changesThe function usedto selectthe next

hop on which to senda paclet would have to be modi ed,

and additionalinformation storedin the forwarding entriesin

orderto achieve the desiredsplit ratios. This changeis all the
more dif cult sinceit impactsthe datapath.In the next two

sub-sectionave suggestmethodsthat overcomeboth these
problems.

A. DestinationBasedAggregation of Traf ¢

The rst problemof translatinga traf c allocationthat dis-
tinguishesbetweensource-destinatiopairs into onethat only
dependn destinationss relatively straightforvard. It canbe
achieved simply by transformingthe individual splitting ratios
of source-destinatiomairs that sharea common destination
into a possiblydifferentsplitting ratio for the aggreyatetrafc
associatedvith the commondestination.The reasonthis is
possibleis becausall routesareshortesipaths.Shortespaths
have the property that segmentsof shortestpaths are also
shortestpaths, so that once two o ws headedto the same
destinationmeet at a commonnode they will subsequently
follow the samesetof shortesipaths.This meanghatwe need
notdistinguishthesepacletshasedntheir sourceaddressand
canmale splitting and forwarding decisionssimply basedon
their destinationaddressThe new splitting ratios that are to
be usedon the aggreyatetraf c in orderto achieve the same
traf ¢ distribution canbe computedasfollows.

Let the trafc headingfor destinationt at nodei 6 t be

denotedas

X X

f.t =

dr X
j«(Bi)2E si(sit)2R
The fraction of destinationt trafc thatis forwardedon link
(i;]) is then
P
dr X
t _ si(sit)2R

i = ff'
I

It can be readily seenthat using ! as the fraction of the

overall trafc headedtoward destinationt and senton link

(i; ) will maintainthe optimaltrafc pro le.

B. ApproximatingUnequal Split of Traf ¢

In the previous sub-sectionwe saw that solving the prob-
lem of source-destinatiorbased forwarding decisionswas
relatively straightforvard. Unfortunately the samedoes not
hold for the uneren splitting issue,and as mentionedearlier
providing such a capability is a signi cant departurefrom
currentoperationsOur proposalto overcomethis problemis
to take advantageof the fact that today's routing tablesare
relatively large, with multiple routing pre x esassociateavith
thesameegressrouter By controllingthe (sub)sebf next hops
that eachrouting pre x is allowed to use,we can control the
traf c headedtoward a particular egressrouter(destination).
In other words, insteadof the currentoperationthat has all
routing pre x es usethe full setof next hops,we proposeto

selectvely control this choice basedon the amountof traf ¢
associatedvith eachrouting pre x andthe desiredlink loads
for an optimal traf c allocation.

The following example illustratesthe idea behind the ap-
proach. Assumethat at some node, there are four routing
pre xes,ri;ro;rz andry thatmapto a commondestinationd
andhave traf ¢ intensitiest(r1) = 2;t(r,) = 5;t(r3) = 8 and
t(r4) = 4. Let therebe three shortestpathsassociatedvith
destinationd, so that the routing table has 3 possible next
hopsto d, and assumethat the optimal distribution of trafc
to the threenext hopsis f; = 6;f, = 4 andfz = 9. We can
thenintuitively matchthis traf ¢ distribution by the following
next hop assignment:

ri ! Hops1, 3
ro | Hop 1
rg | Hop 3
rg ! Hop 2

The resulting traf ¢ distribution is f ¢ = (2=2 + 5=1) =
6;f9= (4=1) = 4;f2= (2=2+ 8=1) = 9, which matcheghe
optimal allocation.

The advantageof the above approachs thatthe forwarding
mechanismon the data path remainsunchangedas paclets
are still distributed evenly over the setof next hopsassigned
to a routing pre x. This meansthat a closeapproximationof
anoptimaltrafc engineeringsolution might be feasibleeven
in the context of existing routingandforwardingtechnologies.
Thereare, however, a numberof challengeghat rst needto
beaddressedrhe rst is theneedfor traf c informationatthe
granularity of a routing pre x entry insteadof a destination
(egressrouter). This in itself is not an insurmountabldaskas
most of the techniquescurrently usedto gathertrafc data,
e.g., router mechanisms'like Cisco's Netow or Junipers
cowd, can be readily adaptedto yield information at the
granularityof a routing pre x.

The secondissue concernsthe con guration overheadin-
volvedin communicatingo eachrouterthe subsebf next hops
to be usedfor eachrouting pre x,. This canclearly represent
a substantialamountof con guration data, as routing tables
are large and the information that needsto be corveyed is
typically differentfor eachrouter The approachwe propose
and study is to identify a small set of pre xes for which
careful allocation of next hopsis done and rely on default
behaior for the remainingpre xes. The trade-of will then
be in termsof how close one can get to an optimal trafc
distribution, while con guring the smallestpossiblenumberof
routing pre x es. We investigatethis trade-of in SectionlV,
wherewe nd that near optimum performancecan often be
achieved by con guring only a small numberof routes.

The third and last challengeis to actually formulate a
methodfor determiningwhich subsetof next hopsto choose
for eachrouting pre x in order to approximatean optimal
allocation.The goal of any solutionwill beto minimize some
metric that measuregliscrepang betweenthe optimal traf c
allocation and the one achieved under equal-splitting con-
straintson ary hop. We explored two metrics:the maximum
gap betweenthe optimal trafc and the allocatedtrafc on



ary hop, andthe maximumload on any hop, wherethe load
on a hop is the ratio of the allocatedtrafc and the optimal
traf c. We note that this allocation problemis a generalized
versionof schedulingunsplittabletaskson a setof processors
with speed-upandhenceis NP-hard[9]. In the next section,
we proposesomesimple heuristicsthat are both fastand still
give reasonablygood performance.

I1l. HEURISTICS FOR TRAFFIC SPLITTING

Ideally, one shouldconsiderthe problemof selectve next-
hop allocation at the global level, that is, do a concurent
optimalassignmenof next hopsfor ead routingpre x atead
node.However, sinceeventhe singlenodeallocationproblem
is computationallydif cult, we proposeheuristicsthatperform
independentomputationgor eachroutingpre x ateachnode.
Thesecomputationsare basedonly on the incomingtrafc at
the nodeand the desiredoutgoingtrafc prole. A potential
problem with this approachis that the trafc arriving at a
node may not matchthe optimal pro le due to the heuristic
decisionsat someupstrearmode.Consequentlythe pro le of
the outgoingtrafc from the nodein question,could further
deviate from the desiredone. However, aswe shall see,the
heuristicsperformexcellently andhenceincomingtrafc seen
at ary node and the resultantoutgoingtrafc have a near
optimal pro le. We proposethreeheuristicsthatare greedyin
natureandtry to minimize one of the two metricsmentioned
in Sectionll-B.

In the following discussion,we focus on a given egress
point, and usethe words “stream” and “traf ¢ intensity of a
routing pre X associatedvith the egresspoint” interchange-
ably. The threeheuristicswe proposework broadlyin the fol-
lowing fashion.When performingcomputationat an arbitrary
node

1) Order routing pre xes destinedto a particular egress
routerin decreasingrderof traf ¢ intensity

2) Sequentiallyassigneachrouting pre x to a subsetof
next hopsso asto minimize a given metric.

For clarity we use the following notationin our subsequent
discussion:
At an arbitrary node n, when assigning routing pre xes
associatedvith an arbitrary egressrouter (destination)m to
next hops:
1) Denotethe setof next hopsto egressrouterm by K =
f1,2;:::;Kg; kK k= K.
2) Denote the desired (optimal) trafc load (for egress
routerm) onhopk 2 K by fy.
3) Denotethe trafc intensity of routing pre x i by Xx;.
Denotethe collective set of the routing pre xes (at n
for m) that needto be assignedo next hopsby Xnm .
4) Denote the trafc load on hop k after heuristic H
has assignedi routing pre xes by 1. Assumel
0 for i O
We now describethe three heuristicswe investigatein the
paper
MAX-MIN RESIDUAL CAPACITY : This heuristictries to
assigneachrouting pre x so that the minimum gap between
the optimal and desiredtrafc on ary hop is maximized.

Although this may seemto be at odds with the goal of
matching the optimal pro le, the intuition behind such an
assignmenis to alwayskeepenoughresidualcapacity(differ-
encebetweenoptimal andassignedrafc) soasto beableto
accommodatesubsequentouting pre xes. Since all routing
pre xes must be allocateda set of next hops, by keeping
enoughresidual capacitywe try to ensurethat an allocation
doesnot "over ow”.

Algorithm MAX-MIN RESIDUAL-CAPACITY:

1) Sort the set of pre xes Xn.m in descendingorder of
traf c intensity

2) For eachpre x i 2 X,;m choosea subsetof next hops
M 2 K, with cardinalityk M~ k which maximizes

Xi )
kM k

minik (Fe 1, 1+
Note that Step 2) can be easily achieved by simply
sorting all the next hops in decreasing order of
their residual capacity fy L 1 indexing them in
that order going through an increasing sequence of
M fd k :d2 Kg, k= 1;2:::;K assignments
over k Mk hopsand choosingthe bestone, ie., one with
maximummin gap.

MIN-MAX GAP : This heuristictries to assigneachrouting
pre X so as to minimize the maximum gap betweenthe
optimal and desiredtrafc on ary hop. Obsenre that even
though,the metric usedby this heuristicis the oppositeof that
usedby heuristic MAX-MIN RESIDUAL CAPACITY, both
essentiallytry to achieve the samegoal. This is becauséoth
heuristicsmust obey the conseration constraintof assigning
all routing pre xes.

Algorithm MIN-MAX GAP:

1) Sort the set of pre xes Xp.m in descendingorder of
trafc intensity

2) For eachpre x i 2 Xu.m , choosea subsetof next hops
M 2 K, with cardinalityk M~ k which minimizes

Xi )

IIi‘l-'-kl\ll‘k

maxiok (fk

Again, notethatthis stepcanbe executedin the samefashion
asfor MAX-MIN RESIDUAL CAPACITY.

MIN-MAX LOAD :The Min-Max Load heuristicis similar
to a work conservingschedulingalgorithm which tries to
minimize the maximumload on ary processofthe maximum
malespan)HeuristicMIN-MAX LOAD triesto minimizethe
maximumratio of assignedrafc to the optimal trafc load
over all hops. The differencenow is that eachtask (stream)
canbesplit equallyamongmultiple processorgnext hops)and
the processorgnext hops)can have differentspeedqoptimal
trafc loads).

Algorithm MIN-MAX LOAD:

1) Sort the set of pre xes Xn.m in descendingorder of
trafc intensity




2) For eachprex i 2 Xy.m choosea subsetof next hops
M 2 K, with cardinalityk M~ k which minimizes
i i
MaXy 2k (—fk—)
Step 2) can be achieved in two stagesFirst, for eachindex
p=1;2;:::;K, doavirtual assignmenbf routingpre x i to
a setof p hopswhich yields the smallestmaximum.This can

L 1+ xi=p
be done by simply sorting the set f X " Tg;, k2K

in increasingorder, re indexing them and virtually assigning
i only to the rst p hops.
Secondfrom all the K suchpossibleassignmentsghoose

the onewith the smallestmaximumfor an actual assignment.
In caseof atie, choosea lexicographicallysmallerassignment.

We outline our implementationof the heuristicsin the
pseudo-coddelow :

procedure Selective Hop Allocation
Input (Link Weights f Wj g, optimal trafc allocation
ffi g, Trafc Matrix T )
For each destinationnode m do
Run Dijkstra's algorithmwith weightsf W g
For each noden 6 m in order of deceasingdistance
fromm do
Apply the heuristicto the setof routing pre xes Xn:m
to determine,for eachrouting pre x i, the setof next hops
Ki
For each routingprex i 2 X,,m do
Update the intensity of the correspondingrouting
pre x at eachnodej 2 K;
done
done
done
In theappendixwe analyzethe MIN-MAX LOAD heuristic
andshaw thatthe loadratio achievedis within a factorof (1+
In K=2) of theratio achievedby anoptimumallocation(under
the equalsplitting constraint) We have asyet not beenableto
provide tight boundsfor the othertwo heuristics,althoughas
onewill seein SectionlV, all threeheuristicsappearto give
very similar results.

IV. EXPERIMENTS

In orderto evaluatethe effectivenessof our approachwe
conductedtwo setsof experimentson arti cially generated
topologiesas well ason an actual ISP topology namelythe
Sprint Backbone.n the rst setwe studiedthe performance
of our heuristics when comparedagainst optimal routing.
In the secondset of experimentswe studied the trade-of
betweenperformanceand con guration overheadby varying
the numberof routing pre x esfor which we controlledthe set
of next hopsthey were assigned.

For purposesof comparison,we solved a linear multi-
commodity ow routing problem with the same piecavise
linear cost function usedin [4]. The only constraintin the
routing problem is ow conseration and consequentlyit
provides a lower bound on the performanceof ary routing
scheme for the samemetric. Henceforth, we shall refer to

this problemasthe “optimal routing probleni andits solution
asthe“optimalrouting solutiori’. The solutionto this problem
is a setof paths(traf ¢ allocation)for eachcommoditywhich
yields ; , the bandwidthconsumedn eachlink.

We reproducethe optimal allocation problem with regard
to this costfunction belov for completenesd.et the o w of
commodityr on link (i; j) Q§ denotedby yj; . Let the total
owonlink (i;j) isfij = yij andthe capacityis Cj; .

r2R
Denotethe costof link (i;j) by i (fij ;Cij ), whichis a
piecewise linear function that approximatesan exponentially
growing curve (the exact piecesof the function are presented
in Equation4 - 9). The costgrows asthe trafc on the link
increasesand the rate of growth acceleratesvith increasing
utilzation. Evolution of the cost function with link load is
shavn in Figure 1. The problemmay then be formulatedas:

- X
min ij (fij Cij)
(j)2E
subjectto
X X dr if i=s
Vi yij = de ifi=t (3)
juji)2E ji(ij)2E 0 otherwise
8i 2XV; rr2 R
fij = Yiij
r2R
uij = fi; =Gy, 8(iij) 2 E
o= Fig s ou 1=3 (4)
2
i = 3 §Ci;j; 1=83 uy 273 )
16
ij = 10f;; Eci;j; 2=3 u; 910 (6)
178
o= 706 —-Ciy; 9510 uy 1 (7
1468
o= 500(|J TCI] ) 1 Ui;j 11=10 (8)
19468
ij = 5000 ; TCi;j; 11=10  uj 9)
(10)

Equation3 imposes 0 w consenration constraintsand Equa-
tions 4 - 9 describethe costfunction. Note that our approach
(like [6] and[4]) is notlimited to arny particularcostfunction.

We simply chose this cost function as an example. Also

note that the costfunction in the Linear Program(1) tries to

avoid long pathswhile trying to meetbandwidthconstraints.
In the rest of the section,we explain our experimentalset
up and discussour obsenations regarding performanceand

compleity trade-of.

A. ExperimentalSetUp

For our experimentsthearti cial topologiesweregenerated
using the Geogia Tech[10] and BRITE [11] topology gen-
erators. The topologiesgeneratedising both generatorsvere
randomgraphsconstructedby choosingpoints uniformly on

2BRITE allows several optionsfor generatingopologies:AS Level, Hier-
archicalandrouterlevel. We chosethe router level option.
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Fig. 1. Evolutionof costfunction ij (fi; ;Ci; ) asafunctionof link load
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a grid. In all instancesof simulatedtopologies,the link ca-
pacitieswere setto 500 Mbps. Actual physicallink capacities
were usedfor the topology basedon the Sprint backbone.

For the articially generatedtopologies, random trafc
matriceswere generatedby picking the trafc intensity of
eachrouting pre x from a Paretodistribution. The choiceof a
Paretodistribution wasmotivatedby measurementsikenfrom
several routerson the Sprint backbone(see[12] for details).
We also experimentedwith other distributions, i.e., uniform,
bimodal, Gaussianand exponentialin other experiments but
do not include them as the results were similar to those
obtainedwith the Paretodistribution. The Sprinttraf c matrix
was basedon actualtrafc tracesdownloadedfrom access
links to two of the Sprint backbonerouters. The traceswas
measuredht the granularity of the routing table entries and
givesus two rows of the traf ¢ matrix. The routing pre x in-
tensitiesn theremainingrows weregeneratedrti cially using
a Paretodistribution. The otherparameteof importanceis the
numberof routing pre x associatedvith eachegressrouter
For this, we usedboth a uniform and a Pareto distribution,
asit gives a reasonablecoveragefor the possibledifference
in the numberof available routing pre xesto a given egress
router

Eachexperimentwas conductedn the following fashion:

1) For eachnetwork topology we generatedandomtraf-
¢ matrices,varying both the total numberof routing
pre x esand distribution* from which the ingresstraf ¢
intensity of eachrouting pre x was picked.

Hot spots were introduced in the trafc matrix by
randomlyselectingelementsrom the traf ¢ matrix and
scaling them to create several instancesof the trafc
matrix. We testedcaseswhereonly someof the trafc
elementswere chosenand also caseswhere all entries

2)

3The routing pre x es are averagesover 10 hrs.
4Exceptin the caseof the Sprinttrafc matrix.

werechosenln the latter case this involvesscalingthe
entiretraf c matrix.

The “optimal routing problent (10) wasthensolved for
eachsuchinstance(topologyandtrafc matrix).
Thelinearprogram(1), with the optimallink bandwidths
from the “ optimal routing solutior’” asinput, wassolved
to obtain the trafc allocation (which was aggreyated
basedon destination,ref. Sectionll-A) and the set of
link weights.

Finally, the three heuristicswere run over the network
with thelink weightsandtrafc o ws from the previous
step(pleaserefer to pseudo-code

In mostof our trials, the link weightsturnedout to be integers
in therangel 20.In afew experimentshowever, the weights
werenot integers.In suchcaseswe roundedthe link weights
to within 5 digit accurag, which wasfoundto be sufcient in
all casesWe usedILOG CPLEX to solve the optimal routing
problem and the linear program(1). On a Dell 25001 Ghz
machineit took about?2 hoursto solve the optimal routing
problem and 30 minutes and less than 10 minutes for the
LP (1) andour heuristicsrespectiely, on the largestnetworks.

3)

4)

5)
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Fig. 2. BRITE 50 Node 200 Edge graph: Performanceof the 3 heuristics
with an averageof 26500routing pre xes per node

B. PerformanceComparisonagainst Optimal Routing

We now presentanddiscussthe resultsof our experiments.
In Figure 2, we plot cost vs total trafc demandfor all
3 heuristics and optimal routing on a 50 Node 200 Edge
graphwith a granularity of 26500routing pre x es per node.
This numberwas chosensimply as an approximationof the
number of routing pre xes in a backbonerouter We have
conductedexperimentswith upto 100,000 routing pre xes
and as few as 500 routing pre xes without any signi cant
changein performanceThe graphwas generatedusing the
BRITE generatarThe horizontallinesrepresentariouslevels
of maximumaveragelink utilization over all links for optimal
routing. The trafc matrix for this experimentwas scaledby
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selecting70% of the trafc elementsas hotspots.From the
gure, we seethatin all the casesthe heuristicsarevery near
the optimal solutionindicatingthatthey areableto matchthe
optimaltrafc split very closely Moreover, all threeheuristics
performequallywell in all instancesFor comparisonye have
also shavn the performanceof standardOSPFrouting with
weights computedusing our implementationof the heuristic
proposedin [4] (denotedby “F&T Heuristic” in the graph).
In Figure 3 we plot the % deviation from the optimal for the
three heuristics.The low percentagaleviation (0:2%  1%)
from the optimal value highlights how effective the heuristics
are.

In Figures4 and5, we plot the performancef the heuristics
on the Sprint Backbone.The entire traf c matrix was scaled
for the experimentsnvolving the SprintbackboneWe cansee

ISP Backbone
T

/ — Max-Min Residual Capacity
— Min-Max Residual Gap
—0- Min-Max Load

Percentage Deviation from Optimal

Total Traffic x10°

Fig. 5. Sprint Backbone:%Deviation of the 3 heuristicsfrom optimal

againthatthe heuristicsclearly performvery well ( well within
1% of the optimal). We obsened this kind of performancen
a numberof otherexperimentshatwe conductedout have not
shavn heredueto their similar nature.For resultsregardinga
topologygeneratedisingthe Geogia Techtopologygenerator
pleaserefer[12].

C. Lowering Con guration Overhead

Our other goal was to investigatethe trade-of between
con guration overheadand performance.Recall that in the
original approachthe heuristics decide the subsetof next
hops assignedto every routing pre x. However, it hasbeen
obsenedthatin practice([13]), alargefractionof thetrafc is
distributed over a relatively small numberof routing pre xes.
Our analysisof the backboneracesobtainedfrom the Sprint
router shaw that 95% of the total trafc was accountedfor
by only 10% of the routing pre xes, con rming the results
reportedin [13]. Figure 6 highlights this obsenation, where
we have plotted the cumulatve traf ¢ intensity as a function
of the numberof routing pre x es sortedin decreasingorder
of their traf ¢ intensities.We can potentially exploit sucha
phenomenorby con guring the set of next hopsfor only a
few selectve routing pre xes that carry most of the trafc
and allowing the default assignmentof all next hops for
the remaining routing pre xes. This has the adwantage of
lowering con guration overhead,but raisesthe questionof
how it impactsperformance.

We carried out a systematicstudy of sucha trade-of on
all the previous topologies.In eachinstance,we con gured
the set of next hopsat eachnode for only a certain set of
routing pre x es that were selectedbasedon the amount of
traf c they carried.The remainingrouting pre x eswere split
equallyover the entire setof next hopsaswould happenwith
default OSPF/IS-ISbehaior. The set of con gured routing
pre x eswasthen progressiely increasedn eachexperiment
to determinethe evolution of the impact on performance.



In all casesthe MIN-MAX LOAD heuristicwas usedwhen

con guring the setof next hops. oK1 50 Notes 200 Edges Graph
Theresultingperformancesurvesfor the 50 Node200 Edge . Sptmal
graph are shavn in Figure 7 and the numberof con gured 7t D 1
routing pre x esare shovn in Tablel. Eachcurve on the plot T
. — ink util=100% #
is referencedy theamountof traf ¢ thatwasaccountedor by 6 7 Max kot s0% I
— - Max Link Util=25%

the con gured routing pre xes. This can be cross-referenced
from thetableagainsthe numberof routing pre x esthatwere
con gured. We obsene that on an average,by con guring
about165routing pre x esperrouterwe getgoodperformance
till about50% maximumlink utilization. If we con gure next
hopsfor about17 % of all routing pre xes, or 4500 entries,
at a router, we accountfor approximately75% of the trafc
andtheresultingperformances quite closeto that of optimal
routing.

Experimentsconductedon the Sprint Backbone(Figure 8,
Table 1) yield similarly encouragingresults. We get good
performanceup to approximately 50-60% maximum link
utilization, by con guring only 200 routing pre x esperrouter
and_uD to morethan70%link utilization if we con gure 600 Fig. 7. BRITE 50 Node 200 Edge graph: Performanceas a function of
routing pre x esper routet con guration overhead

Cost Function

Total Traffic °

Cumulative Contribution of Routes at an ISP Router

Pre xes Total No. of | % Allocated | % of
0.9 1 con gured Pre xes Fraction Trafc
160 30700 0.5% 10 %
08 1 200 30700 0.6% 20 %
620 30700 2% 50 %
07 1 1750 30700 6 % 75 %
o 4180 30700 14 % 90 %
g i
goe TABLE Il
§0,5 i CONFIGURATION OVERHEAD: SPRINT BACKBONE, ALL ENTRIES ARE PER
15 NODE
g 0.4F 1
w
03[ 1
0.2r- T
x10° ISP Backbone
01r B 7 — Optimal
—+ 10%
- 20%
0 L L L L L L -6~ 50%
0 1 2 3 4 5 6 7 6F * - 75% 7
Route Index in Decreasing Order of Intensity x10° —x- 90% /:::
— Max Link util=90% /
— - Max Link Util=70% //
Fig. 6. Cumulatve contribution of routing pre xesat a Sprint Routersorted st o mgi mt 3:::_:223% ./ g
in decreasingrder of intensity —=2 )
/ /
5, 4 ]
g ;Y
c ’
Pre xes Total No. of | % Allocated | % of §3, 77 ]
Con gured Pre xes Fraction Trafc /‘;/
75 26500 0.3% 0% |  Fe-------- S
165 26500 0.62% 20 % s 7 |
1252 26500 4.7% 50 %
4500 26500 17.0% 75 % Z
11747 26500 44.32% 90 % e oo = |
TABLE | -
CONFIGURATION OVERHEAD: 50 NODE 200 EDGE GRAPH, ALL ENTRIES . s 5 7 s s I m = = 1
ARE PER NODE Total Tratfic x10°

Fig.8. SprintBackbonePerformancasa functionof con gurationoverhead



V. CONCLUSION

In this paper we have describedand evaluatedan approach
that has the potential for providing the bene ts of trafc
engineeringto existing IP networks, i.e., without requiring
changesto either the routing protocols or the forwarding
mechanisms.

Our contribution is three-fold.First, we proposea solution
wherebywe can closely approximatethe optimal link loads
without changingcurrentforwardingmechanismspamely by
carefully controlling the set of next hops for each pre x.
Second,we proposea heuristicwith a provable performance
bound(seeAppendix) aswell astwo other simple heuristics.
All three were shavn to give excellent and similar perfor
mance through experiments.We believe the heuristics are
generalenoughto be potentially useful in their own right.
Finally, we shaved, usingactualtrafc tracesthatcon gura-
tion overheadcanbe vastly reducedwithout signi cant loss of
performanceSpeci cally, by only con guring next hopsfor
a small set of pre xes, we were able to obtain nearoptimal
performancefor link loads of up to 70%. This is obviously
animportantaspector the practicaldeploymentof our traf ¢
engineeringsolution.

There are clearly mary other aspectsthat need to be
addressedh orderto formulatea fully operationakolutionto
trafc engineering.One topic we are currently investigating
is that of making our trafc engineeringsolution robust to
unexpectedchangesn network topology e.g.,link or router
failures. This is obviously an important aspectand one of
the areasthat traf c engineeringsolutionsthat rely on new
forwarding technologiesg.g., MPLS, have focusedon, e.g.,
[14]. The generaldirection of the solution we are pursuing,
is to computea set of link weights that are robust enough
to give good performancein normal or failure scenarioslin
caseof a failure, the assignmenbf next hops, as proposed
in the paper would eitherremainthe same,or default to the
standardassignmenfor routing pre x es that are going over
an entirely different set of next hops after the failure. We
are currently investigatingthe performanceand robustnessof
suchan approach.See[15] for similar work. Another issue
we are investigating,is that in some caseswe encountered,
link weightswere not integer. Although this did not happen
often, it is still problematicsincethe dual of the LP (2) does
not guaranteeinteger link weights as requiredby OSPF/IS-
IS. In our experimentswe roundedoff the link weightsto 5
digit accurag. However sucha solution may not always be
feasibledue to the limited eld lengthfor weightsin current
OSPFand IS-IS protocols,which limits scaling. Instead,we
areinvestigatingmethodsthat will allows usto obtaininteger
weightsconsistentvith the original weights.We believe thata
solutionthat accountsfor both problemsis feasible,and that
this work representsanotherargumentin favor of evolving
the currentinfrastructureto supporttraf ¢ engineeringjf and
when neededratherthan embarkon a migrationto a rather
different technology There may be justi cations for sucha
migration,e.g.,bettersupportfor policiesor VPNSs, but traf c
engineeringdoesnot appearto be one of them,and we hope
that the resultsof this papercan help clarify this issue.
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APPENDIX

Our analysisof the MIN-MAX LOAD heuristicconsistsof
two stepsWe rst give a performanceébooundwhenthe set of
routesis unorderedWe thendemonstraten improved bound
when the set of routesis orderedaccordingto their traf c
intensity

Proposition1: HeuristicMIN-MAX LOAD achiesesaload

thatis no morethan (1 + In K) timesthat of the maximum
load with an optimal algorithm, whereK is the number of
next hops(for a given destination).
Proof: The proof proceedsn two steps.First we identify a
key propertyof the MAX-MIN LOAD heuristic,namelythat
for eachvirtual assignmentywe can associatea distinct hop.
Next we usethis propertyto establishthe main result.

We start by establishingsome notation. Denote the max-
imum load achieved by Heuristic MIN-MAX LOAD as

(Xnm ;K). Let hopt 2 K achieve this load and the last
pre x assignedo hopt bepre x j. For simplicity, we denote



theintensityon hopk beforj is assignedy l¢. By de nition,
we have

Ik

k
Let o(Xnm ;K) denotethe maximum load achieed by
an optimum algorithmthat satis es the equalsubsetsplitting
constraint,i.e., splits traf c equally acrossthe subsetof next
hopsthat have beenassignedo a route. Let

(Xnm 1K) 8 k2K:

X

L = Xj
i=1
X

F = ka
k2K

Notethat o(Xn:m ; K) % where% is the optimumattained
if arbitrary splitting of routeswas allowed at the node.

First recall how the secondstep of heuristic MIN-MAX
LOAD works. The heuristicdoesa virtual assignmenbf the
streamsover an increasingsequencef hops,M = fd k:
d2 Kg; k= 1;2;:::;K asdescribedn the algorithmand
chooseghe arrangementvith the smallestmaximumfor an
actual assignmentWe malke the following obsenations:

1) The smallestmaximumamongall virtual assignments

of pre x j mustbe (Xnm ;K). If therewerea smaller
maximum, it would contradictour assumptiorthatj is
the last pre x assignedo hop't.
In a virtual assignmenof pre x j over p hops,let ry
denotethe index of the hop with the maximum load
amongthe virtually assignedhops (to which a portion
X;j =p of the routewasvirtually assignegl Thenr, must
be maximalover all hops,for thatvirtual assignmentif
it werenot, let thereexistsa hopk (which mustbelong
to the setof virtually unassignedhops)suchthat

2)

Ik

LS ley + X =P,
fi '

i CEY

Since all hops satisfy the property flk? (Xn:m ; K),
we have anassignmenbf pre x j which yields a lower
load ratio than (Xn.m ; K). This contradictsour initial
assumptiorthatj wasthe last pre x assignedo hop't
suchthat its load was (Xn:m ; K). Hencer, mustbe
maximal.

From Obsenation 1, we have

|rp + Xj=p
fr,
Clearly, thefollowing relationholdsfor all theK  p virtually
unassignedhops

(Xnm s K): (12)

e + X =p I, + X =P
fy fr,
since only the p smallest hops are chosenin the virtual
assignmentWe then have from Equations(12) and (13) that
the following relation must hold for r, andthe remaining(if
ary) K p virtually unassignedhops:
I + Xj=p
fi

(13)

(Xnm + K): (14)

Using these2 obsenationswe make the following claim.
Claim : For every virtual assignmenbverp = 1:::K hops
of pre x j, we canidentify a distincthop k(p) that satis es

lkp) + X =P
frep
Proof: The proofis by induction.For a virtual assignmenby

the heuristicover p hops,let A, denotethe setof hopssuch
that:

(Xnm ; K): (15)

Ik + x;=
kfijp (Xnm ;s K)a:

k
Note from Obsenration2 andEquation(14) thatA , comprises
of atleastr, andthe K p unassignedhops.Hence

kKApk K

Also note that A, is a non-decreasingsequencefor p =
K;K
An 1; n 1. Theclaim certainly holdsfor p = K since
by Obsenation 1, thereis at least1l hop which hasa load of

(Xn:m ;K). Let the claim hold for all p= K;K .
Then by the non-decreasingproperty A, containsall the
K n+ 1distincthops.Let uslook at a virtual assignment
overn 1 hops.We know that

kAn 1k K

Ay fk:

p+ 1

n+ 2.

Sinceonly K n+ 1 hopshave beenassociatedqwith virtual
assignmentp = K to p = n) and by the non-decreasing
property A, 1, containsall thesehops,thereis at leastl hop
which hasnot yet beenusedandhencecanbe associatedvith
avirtual assignmentvern 1 hops.This completeghe proof.
We arenow in a positionto prove Proposition 1.

By our previous result, for eachpossiblevirtual assignment
of prex j overp= 1;2;:::;K hops,we have a distincthop
k(p) which satis es Equation(15). Summing Equation (15)
over this setof K distinct hops,we have

X X

Ik(p) fk Xnm;K) -
p=1 p=1 p=1 p
X X
lk(p) F (Xam ;K) -
p:l p=1 p
L X L
(Xn;m s K) E"‘ F](ln K) E(1+ In K);
(Xn;m a K) o(xn;m , K)(l + |n K ), (17)

where the LHS (16) of follows from the fact that the total
assignedoadis notmorethanL  x; . This provesProposition
1

The above analysisholds for an arbitrary ordering of the
pre xes.If the pre xesare orderedin decreasingorder asis
the casein MAX-MIN LOAD, the boundcanbeimprovedas
can be the performanceof the algorithm. Our proof for this
resultdravs on the methodusedin [16].

Proposition2: If the pre xes are assignedin decreasing
orderof their traf ¢ intensities,then,

(Xnym 3 K)
o(Xn:m ; K)

I
ﬂ):



Proof: The proof is by contradiction.Assumethat the above
result does not hold for some orderedset of pre xes with

X1 X2 M- XN -

Without loss of generality assumexy is the intensity of
the last pre x(N) assignedto the hop, which achieves the
maximum load under heuristic MIN-MAX LOAD. If it
is not, we can truncatethe sequenceup to the pre x last
assignedo a hop which achiezesthe maximumload without
affecting the maximum achieved by MIN-MAX LOAD. If
the optimum for the truncatedsequences 2(X;K), then
I(X;K) o(Xn:m ; K) andour assumptiorstill holds. Let
asbefore,
[ R
L= Xj and F = fk.
i=1 k=1
Following the exact same analysis as for the arbitrary
orderingwe have

L X
K K) = ?Nan;
o(Xnm 1K) + X?Nln K:
_Kum i K) 1+ — XN hk:
o(Xn:m 1 K) oX;f) F
By our assumptionywe have
XN In K
1+ ———— — InK > 1+ —;
oXnm ;K) F 2
XN o(xn'm ;K)
- > X 7.
" F 2

Note that XL is the smallestachievable load underany split.
Hence, if the above inequality and our assumption,is to
hold, we can have only one route (destinationpre x) in X.
However it is clearfrom the algorithmitself that MIN-MAX

LOAD achiezesan optimal allocationwhenthereis only one
stream(pre x).This provesProposition 2.



