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Abstract—Traffic Engineering (TE) is important and necessary minimizing the maximum link utilization or minimizing the
in order to fully utilize the existing network resources andreduce total delay. It is an important tool for the ISPs in order to

capital expenditure. Given its importance, many algorithis have ¢, ytjlize the existing network capacity and reduce treed
been proposed in the literature. Unfortunately, there is sill not a for future capital investment

consistent methodology to evaluate these algorithms. Waesyet, - A ’ . o
some variants of the traffic engineering problem are known to ~ Without traffic engineering, Internet traffic is routed bdse
be NP-hard. Thus, given a particular TE problem, in general,it on shortest paths, which could lead to inefficient use of the
is not possible to know the optimal solution; hence, it is dfficult  provisioned capacity. ISPs typically employ OSPF (or 13-IS
to assess how a particular heuristic algorithm performs. Een routing protocol in their backbone network. Under the OSPF
though several heuristic algorithms could be used to validi& . . L .
each other, the best solution from these algorithms could 8t be protocol, the routers exchange neighboring link 'nformt' .
very far away from the Opt|ma| solution. We propose a novel and at the end, each router knows about all the links in
methodology to evaluate TE algorithms. In this methodologywe the network and their associated metrics. When routinga eac
construct TE problems with known optimal solutions and we tren  router will send the packet along the shortest path based on
use these TE problem instances to test the performance of TE g |ink metrics to the destination node. Since traffic isteou

algorithms. We found that some TE algorithms perform poorly, - . .
and the result deviates from the optimum further as the probem oblivious of the link condition (always shortest path redass

size gets bigger. Our results suggest that there is large raofor ~ Of whether a link is congested or not), some links could be
algorithm improvements and further research is required. Even overloaded, while other links are under-utilized.

though we only demonstrate the power of the methodology in  There are two ways to perform traffic engineering: IGPWO
the context of traffic engineering algorithms, the methodabgy is g o MPLS TE. IGPWO (Interior Gateway Protocol Weight
general enough that it could be applied in many other areas as S . . o
well. Optimization) TE computes the link metrics such that traffic
evenly distributed when routed using the shortest pathd[L] [
|. INTRODUCTION MPLS TE employs MPLS technology, by which packets are
Internet Service Providers (ISP) see a dramatical growtbuted along explicit paths based on a predefined set ofdabel
in Internet traffic in the backbone over the past few year$hese explicit paths are referred to as the Label Switchéd Pa
This increase can be attributed to many different reasoifsSP). Because the paths are explicitly specified, rousngpi
First, video sharing over the Internet (e.g., YouTube) bee® longer constrained to be the shortest path; hence, moreeffic
increasingly popular. Because video files are typicallyyveuse of the network becomes possible.
big, their transmission would consume a significant amofint o Although many TE algorithms have been proposed in the
bandwidth. Second, broadband is continuing its fast pace ltdérature, including algorithms for IGPWO TE [1] [2] and
adoption. As reported by Nielsen//NetRatings, US broadbaalgorithms for MPLS TE [3] [4] [5] [6] [7], there have not been
penetration broke 80% among active Internet users in Fepruany comprehensive comparisons. One can certainly compare
2007. Third, the per person usage of Internet keeps on isccreall the existing algorithms against each other. However, fo
ing. We increasingly rely on the Internet, from communieati this approach to be valuable, we have to agree upon a standard
(email), learning, entertainment to online shopping. set of representative test cases, which is very hard toahie
The increase in traffic poses a big challenge to ISPdue to the diversity of ISP networks and the rapid changing
Provisioning more capacities is certainly one possiblatimt, traffic demands. Even if we are able to compare the algorithms
however, it is not very economical for two reasons. First, w&ith each other, we still do not know how well they perform
lot of capacities have to be provisioned due to the rapid rigdth regard to the optimum. They could all produce similar
in traffic. Second, the revenue per bit of traffic continues t@sults, however, the results could still be very far awayrir
decrease rapidly, making it harder to recoup the cost of thee optimum.
capital investment. In this paper, we propose a novel methodology to test the ef-
Instead of making costly capital investments, an alteveatifectiveness of TE algorithms. Our methodology first corcdu
solution is to make more efficient use of the existing netwotlest instances with a known optimal solution, then these tes
by using Traffic Engineering (TE) techniques. Traffic Enginstances are solved by the TE algorithm. By comparing the
neering (TE) determines how to route traffic in a networkesult from the algorithm and the optimal solution, we can
in order to achieve certain optimization objectives, sush aeveal the optimality gap, which is the difference between



the optimum and the solution from a TE algorithm. The m
optimality gap is a good indicator of the effectiveness of '
the algorithm. A consistent small gap means the algorithm
performs well, whereas, a large gap indicates that themisnr

for improvement.

In addition to being a valuable testing tools, the methodol-
ogy also serves as a debugging tool. For heuristic algosithm
if they produce results that are better than the optimum, we
know there is a bug in the implementation. Similarly, for
exact algorithms, we know something is wrong if they produce
results other than the optimum. In fact, this methodology ha
been applied to algorithms developed internally in a lagje | Fig. 1. The most commonly used testing methodology.
and it helped to uncover several real bugs.

Although smaller manually constructed test cases with . , .
known optimum sometimes are used during TE aIgoritthOblem' we start from an optimal solution. Then in step 2,

development, they are quite different from our methodologl/® construct a TE problem instance from the optimal solution
First, our methodology can generate arbitrarily largedases, SteP 3 and 4 are the same as before, except that we now know
which enables us to study how the TE algorithms scalf1® €xact optimal solution by construction.
Second, our methodology can automatically generate a large
number of instances, which enables us to study the statistic 1. Come up with an
trend. optimal solution

Since our methodology can only generate test cases with a
known optimal result, it certainly restrict the set of teases
that could be used. However, we believe our methodology is
still widely applicable because of our construction method
The user could supply a real topology and a real set of traffic
demands, and the construction method will only change the
link capacity or add some fake traffic demands depending on
the optimization objective.

This paper is organized as follows. In Sec. I, we first
describe our proposed testing methodology. The methogolog

is based on the assumption that we can construct test sognari . o . o
with a known optimal solution. In Sec. Ill, we describe 1he difficulty inimplementing the new methodology lies in

how to construct MPLS TE test problems. With a Simmgonstr.ucting examples with knovyn optimal solutions. In the
extension, our methodology can be used to construct IGPV@YOwing two sections, we describe how we construct these
TE test problems as well. However, due to space limitatioffSt Problems for MPLS TE and IGPWO TE respectively.

we omit the details. Using our proposed testing methodglogy
we evaluate several TE algorithms. We report our findings in
Sec. IV. Lastly, we conclude in Sec. V. A. Definition of MPLS TE

Il. THE PROPOSED TESTING METHODOLOGY Before we show how to construct test problems, we first

ecisely define what is the MPLS TE problem. The most

r
The most commonly used methodology to evaluate ‘%&sic version of the MPLS TE problem can be stated as an
algorithm is depicted in Fig. 1. In step 1, a user first come timization problem as follows.

with an arbitrary TE problem to serve as a test. In step 2, th

Come up with a test
problem

. Solve to optimum through
xhaust enumeration

3. Solve using the heuristic

4. Compare to gauge how
much off is the heuristic

nstruct a test problem
from the solution

3. Solve using the heuristic

4. Compare to gauge how
much off is the heuristic

Fig. 2. The proposed testing methodology.

IIl. CONSTRUCTING TESTMPLS TEPROBLEMS

test problem is solved optimally, possibly through exhimest * Input:

enumeration. As we will show, some variants of the TE 1) The network topology along with the capacity for
problem is NP-complete; hence, this step could take a long each link. The network ha8/ nodes and\/ link.

time. In step 3, the TE algorithm under test is used to solee th 2) The set of traffic demands that need to be supported
same test problem. Lastly, in step 4, the results are cordpare in the network. These traffic demands are expressed
to evaluate the effectiveness of the TE algorithm. A major as a set of LSPs to be established, where each LSP
drawback of this methodology is that the optimal solution is specifies the source and destination nodes and the
often not known, and deriving the optimal solution wouldeak bandwidth requirement.

a long time, or it is just plainly not computationally fedgib ~ « Output: The set of traffic demands that can be routed in

Motivated by the shortcomings of the existing methodology, the network and the route assignment for each of them.
we propose the following new methodology as depicted in« Optimization objectives: Many optimization objectives
Fig. 2. In step 1, instead of starting from an arbitrary TE  are possible. We consider four popular objectives:



— Objective 1:Maximizing the absolute minimum freedo we route these traffic demands in order to optimize our

bandwidth over all links objective?
— Objective 2:Minimizing the maximum percentage If bifurcation is allowed, the answer is easy because we
utilization over all links just route half of the traffic on one link and the other half on
— Objective 3:Maximizing the number of traffic de- the other link. The problem is much harder when bifurcation
mands that can be supported in the network is not allowed because if we fix a traffic demand on a
— Objective 4:Minimizing the total delay. link, then the whole traffic demand has to be routed on that

We will postpone the exact mathematical definition fohink, which could lead to uneven link utilization. In ordey t
these objectives until when we describe how we construtt t&§d the optimum, it is necessary to enumerate all possible
problems. ways of routing the demands on the two links, resulting

We distinguish between two cases of the MPLS TE pr0b|e,iﬁl' examining2* combinations. The number of combinations
which differ in how the traffic demands are given. In the firdficreases exponentially as the number of parallel links and
case, all traffic demands are given at the beginning, andeherie® number of traffic demands increase, making it quickly
the MPLS TE algorithm can optimize the routing taking intéMpractical to enumerate all possibilities.
account all traffic demands. We refer to this casestatic ~ AS We can see, bifurcation turns the problem into a com-
MPLS TE In the second case, the traffic demands are givBiatorial problem, meaning that we have to evaluate a large
one by one to the MPLS TE algorithm, and the MPLS TRUMber of combinations in order to find the optimum, since
algorithm has to determine how to route the current traffRach traffic demand has to be routed as a whole. In fact, to

demand without disturbing existing traffic demands. We ref@rove that the static MPLS TE problem with bifurcation is NP-
to this case aslynamic MPLS TE complete, we could use the same parallel links construction

to turn the TE problem into a packing problem. For each box
B. How to construct test problems with known optimums in the packing problem, we create a parallel link where the
Let us first understand why the MPLS TE problem is harltlalz)l.( capacity corresponf?s t(;) the t&ox r(]:apac@y. Then, fohedac
to solve, which will motivate our construction method. W‘%)héegé’-;f Scirzeeate a traffic demand whose size corresponds to
will focus on the static MPLS TE problem. Alth(])ugh it is' hard to determine the right combination if we
There are two variants of the MPLS TE problem, one allows

traffic bifurcation, the other does not. If bifurcation isoaved, are given a random problem, it is easy to fix a f:ombmatlon
if we were to construct the problem. Once we fix the com-

a traffic demand could be split across multiple parallel path . ~. . ' )
which may be undesirable because of the possibility of pacrlljemat'on’ we can adjust the link capacity to make the chosen

re-sequencing combination the optimal solution.
. SO . . Let us look at a concrete example for the network shown in
If bifurcation is allowed (i.e., Equal Cost MultiPath _. . P -
Fig. 3. Let us assume we pick a combination where demands

(ECMP)), the static MPLS TE problem is simply a generlsvith sizes 5 and 6 are routed in Link A and demands with

multi-commodity flow problem, which can be solved in poly: izes 7 and 8 are routed in Link B. If we are optimizing for

nomial time. Efficient algorithms, such as flow deviation [8], . . A . e
bjective 2: minimize the maximum percentage utilizatias,

or Linear Programming (LP), can solve the problem optimalle/an fix Link A capacity to be& x (5 + 6) — 22 and Link B
and quickly.

) o . ity to be2 =30, th k th ticul
If bifurcation is not allowed, we can easily prove that th gapacty 10 X (7+8) = 30, then we know the particular

. . ombination we have chosen is the optimum with a maximum
static MPLS TE p“’b'e”? bgcomes I\!P-hard,_ meaning thﬁﬂk utilization of 50%. After we determine the link capaes,
there exists no polynomial time algorithm which can solvi

th bl imally. T derstand why bif i | e can feed the constructed test problem to TE tools and test
€ problem optimally. o understand why biturcation Coulg,, oy, e they can get to a result that is close to the optimum.

play such an important role, let us look at a simple examp €\We can of course extend the above example to larger

313 showntm Fig. 3|'| 'Il'r:_erke z?)rettwo n(t)t?es 'Tv\fhls ndetwork arﬁ(ljoblems. The key is to construct network topologies with
ere are two paraflel finks between these two hodes. many equal-length shortest paths between any given pair of
nodes. We can randomly pick one shortest path when routing

Link A : , , , :
a traffic demand and size the links appropriately. Since we
always choose the shortest path and since the link capacity
CnkB is chosen to fit the routing solution, we know the particular

routing we chose is the optimum.
Fig. 3. A simple network. The construction method can be easily applied to very large
problems with a large network topology and many traffic
Let us assume we have four traffic demands betwedemands. Hence, it will allow us to study the scalability of
these two nodes, with bandwidth requirements of 5, 6, 7,tBe TE algorithms.
respectively. Let us also assume that both links have the samin the following, we show the construction method for each
capacity of 20. As an example, let us assume we are optimiziofthe objective functions individually. To be consistenthw
for Objective 1: maximize the minimum free bandwidth. Hovour notation in Fig. 2, step 1 is on how we construct the



optimal solution and step 2 is on how we construct the testOur construction method for this objective is roughly the

problem from the given solution. same as before. The only difference is in step 2, where we
We assume two things are given before we start constructisgf the link capacity differently. The construction steps as
test problems: follows:

1) The network topology, including the number of nodes « Step 1:For each traffic demand, find all possible shortest
and the list of links. Any topology could be used to  paths from the source to the destination. Randomly pick
reflect a realistic scenario. one of the shortest paths and route the traffic on it.

2) The set of traffic demands (including the source, des-. Step 2:For each linki, sum up the total traffic going
tination nodes and the size of the demands) that have through it to determing;. Setc; = [;/0, whereé is a
to be routed in the network. Again, any set of traffic ~ constant between 0 and 1.
demands could be used to reflect a realistic scenario. By construction, the chosen parametewill be the optimal

1) Objective 1: Maximizing the absolute minimum freeesult. We now prove that it is indeed the optimum.

bandwidth over all links:Let /; be the load (amount of traffic) Theorem 2:For any problem constructed by the above
and¢; be the capacity on link. Then this objective function method, the minimum maximum utilization &

can be expressed as: Proof: Suppose it is not the case, i.e., there is another
o ) solution with6* < 6. The total traffic running in the network
maximize min ¢; — I; in the new solution can be summed up to be:
By optimizing for this objective, we make sure that we leave T — Z Ir < Z ;0"

the largest room for any one of the future traffic demands.

Our construction method for Objective 1 is as follows. . .
_ i : For the solution from the construction method, we can also
« Step 1:For each traffic demand, find all possible shorte stm up the total trafficl’ — 209 Since 9* < 0, we
- 3

paths from the source to the destination. Randomly pick

one of the shortest paths and route the traffic demand bave 7™ < T'. However, from the construction method, we
it. know that all trafﬂc demands have gone through the shortest

through it to determlnéL Setc; = I; + 8, whered is an contradiction.
arbitrarily chosen constant.

By construction, the chosen paramefewill be the optimal
result. We now prove that it is indeed the optimum.

]

3) Objective 3: Maximizing the number of traffic demands
that can be routed:When the total traffic demands exceed
Theorem 1:For any problem constructed by the methoﬁ’hat _the netwo_rk can s_upport, some traffic demands ha}veT to
above, the maximum minimum free bandwidthsis e rejected. This objective maximizes the number of satisfie

Proof: Suppose it is not the case, i.e., there is anothgﬁﬁ'c demands; hence, maximizes the number of satisfied

solution with5* > 6. The total traffic running in the network CUStOMers.

in the new solution can be summed up to be: The construction steps are as follows: _
o Step la:Let D be the total number of traffic demands.

Zl* < Z i —0") Pick a constanfp between 0 and 1, which represents
the percentage of traffic demands to satisfy. SortZall
For the solution from the construction method, we can also traffic demands based on their shortest path length in the

sum up the total traffid’ = > (¢; — 6). Sinced* > 4, we increasing order.
‘ « Step 1b:For each one of the firstD traffic demands,

find all possible shortest paths from the source to the
destination. Randomly pick one of the shortest paths and
route the traffic on it.

o Step 2:For each linki, sum up the total traffic going

haveT* < T. However, from the construction method, we
know that all traffic demands have gone through the shortest
path, henceTl is the smallest possible, which leads to a
contradiction. [ |

2) Objective 2: Minimizing the maximum percentage uti- . .
Iizat)ion civer all links: This objgective function trigs to eve% out  throughit FO determing;. Setc; - Li- _
the traffic over all links as a percentage of the link capacity BY construction, would be the optimal solution. We now

It can be mathematically expressed as: prove this is the case.
Theorem 3:For any problem constructed by the above

Minimize max L method, the maximum number of traffic demands that can be
PG supported ispD.
If we anticipate future traffic demands to share the same Proof: Suppose it is not the case, i.e., there is another
distribution as the given set of traffic demands (or if we assu solution with p* > p. Let d; be the amount of traffic thgth
these traffic demands would scale up proportionally), lyemand generates (sum of bandwidth consumed on each hop)
optimizing for this objective function, we could accommuala if it is routed on the shortest path. The total traffic running
the most amount of future traffic. the network in the new solution can be summed up to be:



To compare with the solution in the constructed problem,
we need to apply Jensen’s inequality, which states that for a

=z i d; @ convex functiong(z), the following is true:
all routed traffic demand
p*D > (i) >¢(in)
> ) d @) noon
=1 The equality only holds when all; are the same. Let us
pD define ¢(z) = ﬁ which is a convex function. Applying
> Z d; = Zli - Zci Jensen’s inequality, we have
j=1 i i
The inequality in Equation (1) holds because not all traffic Z 1 - lz _ 1
demands are necessarily routed on the shortest path inthe ne — =13 e 1- l;/c
solution. Equation (2) is true because the traffic demanes ar M 1
sorted in increasing order of their length; therefore, ahp Z ?ﬁ
demands will generate at least the same amount of traffic as 1
the first p* D demands. M 1 M
The equation shows the total traffic generated is more than > = Sk 4)
the network capacity, which leads to a contradiction. = 13 '
4) Objective 3: Minimizing the total delayPacket delay is M
a very important component of the Service Level Agreement — M 1 — M
(SLA) the service providers give to their customers. Mirgmi ¢ 1—Imax/c c—cf
ing the total delay helps to meet these SLA constraints. Equation (4) holds true because all traffic demands in the
The queuing delay through any link is proportional to theonstructed problem are routed along the shortest patttehen
percentage load, i.e.ﬁ. To minimize the network-wide the total network-wide load", /; should be the minimum.

The equation above contradicts the assumption. [ ]

We have shown that the MPLS TE problem with no
L 1 i i i -

Minimize Z 3) bifurcation is NP-complete. For these problems, the known

delay, we can minimize the total delay objective function:

c; — 1 optimum is invaluable because we can use it to evaluate

. . - . the effectiveness of heuristic algorithms. Even in the case
We choose this particular form of objective function be-

h 0 laorithm 9 h ; of bifurcation, where it is easy to derive the optimum, our
cause the DAMOTE algorithm [9] uses the exact same Orri‘ﬁethodology is still a valuable debugging tool to check the

Hoyvevgr, our construction method and the fo_IIovx_/ing proqf 0f?nplementation of algorithms. In fact, our methodology has
optimality carry over to other forms of the objective furet] been applied to several algorithms developed in-house in a

SU_T_E as the traﬁic averaged netm;o:lk-wi(.je delay. large service provider's R&D department, and it has helped
€ construction steps are as follows: _ to uncover several bugs both in the algorithm with bifurmati
» Step 1:For each traffic demand, find all possible shorteging without. These bugs would have been difficult to catch

paths from the source to the destination. Randomly pigtith the traditional methodology or the small number of hand
one of the shortest paths and route the traffic on it.  cgnstructed test cases.

o Step 2a:For each linki, sum up the total traffic going
through it to determing;. Determinelmax = max; ;. IV. EXPERIMENTAL RESULTS

» Step 2b:For each linki, add a traffic demand between Using our new methodology, we can evaluate many pro-
the two end nodes with the size of the demand equal posed TE algorithms. We are not only interesting in assgssin

Imax— 1. their performance (i.e., revealing the optimality gap); ime
» Step 2c:The load on all links should now bignax. Set are also interested in seeing how the optimality gap and the
the capacity on all links to be = Imax/9. computation time scale as the network increases in size.
All links in the constructed problem should have the same For our evaluation, we use an open source TE software:
link capacity, which we denote simply by TOTEM [9]. TOTEM is a toolbox which integrates many
We now show that the constructed problem achieves ttéffic engineering algorithms. It is also extensible sucét t
optimal result. new algorithms could be integrated easily.
Theorem 4:For any problem constructed by the above As inputs to our methodology, we need both the network
method, the optimal minimum total delay }S ﬁ = rf\ﬁe topology and the traffic demands. We generate the topologies

using the Waxman model [10]. The Waxman model selects
fiks at random. To make the generated topology resemble rea
Itopologies, shorter links are given a higher probabilitybto

1 thosen. The probabilities are controlled by two parameters
Z ey andbeta. We choosexr = 0.15 and = 0.2. For all topologies,

K3

Proof: Suppose it is not the case, i.é., there is anoth
solution with lower delay. Let; be the load on linki in
this new solution. Then the total delay in the new solution




we generate twice as many links as the number of nodes, i.eWe use two score functions for our evaluation. The first
M = 2N. We also generate topologies using BRITE [11]s the pure-load-balancing score function, which can be ex-
which creates topologies that resemble the real IntermeteS pressed as
our observation is largely identical, we omit the resultshia
interest of space. L 1,

We generate one traffic demand for each pair of nodes; Z(a B E) )
hence, there ar& (N —1)/2 traffic demands. The size of each ’
demand is randomly chosen within the range of [1, 10] (t"{ﬁhere% = L3 L s the mean of the relative link load

exact unit does not matter since the link capacity is expiss i . L .
in the same unit). throughout the network. This score function is essentitilby

For our experimental study, we focus only on dynami}éariance on the relative link load and, hence, representdé¢h

MPLS TE algorithms, but not on static MPLS TE aIgorithmsViation from the optimal load balancing situation. Miniririg
’ is score function is equivalent to Objective 2: Minimigin

The reason is not only because TOTEM has only dynamt . e

MPLS TE implementations, but also because dynamic MpLl8E maximum percentage_ ut|I|zat|?n. o

TE is the most frequently encountered case in real opewdtion The second score functmn? =1 which is the same as

networks. Typically, ISPs route new traffic demands as th&bjective 4 as shown in equation (3). We use this to test how

come along, and most of the times, they do not want to rerowtell DAMOTE minimizes the total delay.

existing traffic demands. However, it is worth noting that ou 3) MIRA: Minimum Interference Routing Algorithms

methodology applies to both the dynamic and static cases.(MIRA) try to route the current traffic demand with the min-
imum interference (or impact) to future traffic demands [3].

A. Algorithms evaluated Two MIRA algorithms are included in the TOTEM toolbox:

We evaluate several TE algorithms that are currently implgl-EWMlRA [4]_ and Simple.MIRA (SMlRA_‘) [5]. L
mented in TOTEM. In this section, we give a brief description Mlnlr_nlz_lr?g |nterfer_er_1ce is roughly eql_leaIent_to_Objeetlv
of each algorithm. 1: Maximizing the minimum free bandwidth. This is because

1) CSPF:Constrained Shortest Path First (CSPF) algorithmeﬁm(zjre freedbandwgith Wt? ?a\ée’ the more likely some future
is one of the most used MPLS TE algorithm. In fact, at{a IC demands can be salishied.

least one commercial TE tools vendor employees the CSPFThere are also other algorithms integrated in TOTEM, such
algorithm, even for the static MPLS TE case. as SAMQRA [6].[7.]‘ H_owevgr, they do not correspond well
As the name implies, CSPF observes constraints, such_t%\sany given opt_|m|z_at|qn objecnve_. For exa_mple, SAMC.:R.A
the bandwidth constraint, when routing. To make sure the coi cqncerned W!th f|nd|ng a feasible sqlut_|0n that sgﬂsﬁes
straints are satisfied, CSPF first prunes all paths betwesen uIt|pIe constraints, but it does not optimize any objeztiv
source and destination that do not satisfy the given cansdra Unction. Hence, we do not evaluate these algorithms.
In the case of bandwidth constraint, it will remove all paths .
that do not have sufficient free capacity. After pruning, esP> Scalability
computes the shortest paths based on a defined link metric. Iffio evaluate the scalability of the algorithms, we generate
there are many shortest paths, one is randomly chosen. several test problems with varying network size rangingnfro
Different link metrics could be used by CSPF. For our exN' = 20 to N = 500. We then solve these problems and
periments, we use the inverse of the free bandwidtle; —I;). record the CPU time they take. We solve all problems on an
We choose this link metric because it corresponds closely Ititel Blade server with a 2.33 GHz Xeon processor.
Objective 1: maximizing the minimum free bandwidth. As the In Fig. 4, we plot the computation time. The CSPF al-
free bandwidth of a link shrinks, it becomes increasinglstlyo gorithm is very efficient. We are able to solve a problem
to route traffic over it, thus giving strong incentive to reutwith N = 500 using roughly 24 hours computation time. In
traffic on less loaded links to even out the traffic flow. comparison, NEWMIRA and SMIRA take much longer time.
2) DAMOTE: DAMOTE is similar to CSPF in principle. Solving a problem withV = 120 takes roughly the same time
However, it can perform much clever optimizations based @s it takes CSPF to solve a problem with= 500.
a network-wide score function. Examples of such functions All algorithms show exponential growth in their run time,
are: load balancing, hybrid load balancing (where long uieto since they roughly fall on a straight line in the log-log plot
are penalized), pre-emption-aware routing (where remgutiThis is quite surprising since these algorithms are polyiabm
existing LSPs are possible, but penalized). DAMOTE'’s scoie theory. We hypothesize that the large increase in run
function is generic and it is a parameter of the algorithm. time could be because of the nature of these algorithms.
Besides calculating the primary LSPs, DAMOTE can alsbor example, CSPF computes shortest paths for each traffic
calculate local or global detour LSPs, which are used toeroudemand in turn. When a large number of traffic demands have
traffic when some link on the primary LSP fails. Howeveheen routed already, it becomes more difficult to find a new
we will not be using this functionality, as we will not testeth path for the new traffic demand as more candidate paths need
ability to calculate backup paths. to be pruned.



1000000 TABLE |

——CSPF
100000 4 — NEWMIRA OPTIMALITY GAP FOR NEWMIRA WITH DIFFERENTG.

——SMIRA
10000 1  —— DAMOTE

N | 20 40 60 80 100 120
6 =10000 | 81 323 626 938 895 1276
6=>500 | 68 305 441 - - -

1000 A

run time (s)

100 A

10 4

1

10 160 1000 .
N produce much better results, so that whe€ris large & 80),

no feasible solution could be found.
For both cases, the optimality gap grows &sincreases.
Even for our best performing algorithm CSPF, the optimality

ap more than doubles whe¥ doubles. This suggests that

Our result suggests that there is a lot of room to |mpr0\%ore algorithm research is needed to bridge the gap, edlpecia

the computafuon efficiency of TE algorithms, especially WhewhenN is large. Note that we did not normalize the optimality
the network is large.

gap result because it is not clear what it should be norndlize
. 5 .
C. Evaluating objective 1: Maximizing the minimum ffe%geags;o%’teor;v ' otrhatnytthmg telge?).dlnstead,dwe_ report(ted
bandwidth t gap so ? interested readers can deriveeand tr
based on “normalized” results.

Several algorithms fit this objective, including CSPF when For dynamic MPLS TE problems, the sequence of traffic
the metric is the inverse of the free capacity, NEWMIRA andemand arrival obviously has a significant impact on the end
SMIRA. result. To assess how much the sequence affects the ent resul

We first generate test problems with the optimal valiset we generate several different sequences. The first is simply
to 10000, which is large enough to accommodate all traffimsed on a random ordering.
demands. We set large to see how the algorithms perform The second sequence tries to create uneven traffic flow as
without the capacity limit. In Fig. 5, we plot the resultsto new traffic demands arrive. To create such a sequence, we look
CSPF, NEWMIRA and SMIRA. at how traffic demands are routed in the optimal solution. We
pick a link and put all traffic demands routed over it at the

Fig. 4. Computation time for different algorithms.
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1000 -
500 -
0
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20 40 60 80
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beginning of the sequence. Thus if an algorithm were to use
the optimal routing, it would have fully loaded one link, but
only lightly loaded other links after routing the first set of
demands. We continue to pick links and append all remaining
traffic demands on the link to the sequence.

The third sequence is the opposite. It tries to create even
traffic flow as new traffic demands arrive. Again, we rely on
the optimal solution to create such a sequence. We pick a link
that is most loaded, then randomly choose one traffic demand
routed on the link and append it to the sequence. This process

Fig. 5. Optimality gap for CSPF, NEWMIRA and SMIRA whén= 10000.  repeats until all traffic demands are in the sequence. If an
algorithm were to use the optimal routing, traffic on the $ink

Surprisingly, elaborate algorithms, such as NEWMIRA anshould be fairly even as new traffic demands are routed.

SMIRA, perform quite badly compared to a simple-minded In Fig. 6, we show the results for CSPF algorithm with the

algorithm such as CSPF. The optimality gap for NEWMIRAarious sequences. As shown, the difference in sequence can

and SMIRA is considerably bigger than that for CSPF. Origave a big impact on the result. A bad sequence could have

possible reason is that NEWMIRA and SMIRA try to even outwice the optimality gap as a good sequence.

the traffic early on, which leads to many traffic demands being ] o o .

routed over non-shortest paths. Non-shortest path routiHlg Evaluating objective 2: Minimizing the maximum percent-

would consume more bandwidth, leading to further deviatig¥e utilization

from the optimum. Out of the algorithms we evaluate, DAMOTE is the only one
We also generate problems with a smaller valuejab that can optimize for objective 2. We use the score function

see how the algorithms perform under the capacity limit. l&as in equation (5) to achieve load balancing.

Table I, we show the result for the NEWMIRA algorithm with  If we set the optimal result to bé = 50%, we find that

0 = 500. When the capacity limit is smaller, the algorithhnDAMOTE could not even find a feasible solution for any

indeed performs a little better because it is more aggresgiv of our test problems. However, if we switch to a different

evening out the load to stay under the capacity limit. Howevealgorithm, such as CSPF, for the same test problems, we can

the capacity constraint is not able to force the algorithm find a feasible solution. We believe DAMOTE is attempting



Fig. 6.
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TABLE Il
THE OPTIMALITY GAP FOROBJECTIVE2 FORDAMOTE.

Effect of traffic demands arrival sequence on thenaglity gap.

20

40

60

80

100

120

Opt. gap

22.76%

6.09%

28.37%

17.83%

18.15%

Since many TE problems are NP-hard, it is important to devise
efficient heuristic algorithms. Unfortunately, there ist reo
comprehensive methodology to evaluate these algorithma. A
result, it is not only unclear which algorithm is better, bigo
unclear how much room there is for improvement. We propose
a novel methodology where we construct test instances with
known optimal results. By comparing the known optimum
with the output of the heuristics, we can reveal the optityali
gap. Using our methodology, we show that the result from
TE algorithms are quite far away from the optimum and the
optimality gap grows rapidly as the problem size increases.
Our study suggests that much more algorithm research is
needed in order to bridge the optimality gap. Beyond alparit
evaluation, our methodology is also an invaluable debuggin
tool. Our methodology has been applied at one large ISP to
uncover several implementation bugs.

There are a number of directions for our future work.

16-31%ne have only evaluated a few TE algorithms, which is a

small fraction of the existing work. It is beneficial to use
our methodology to systematically evaluate a larger set of

to even out the traffic at the very beginning and uses long€E algorithms. The construction method could also benefit
path to route traffic to achieve such goal. Hence, at the erichm improvements. We have to set the link capacities to
no capacity is left to route the remaining demands.

In Table Il, we show the optimality gap for the DAMOTEnew construction method that can accommodate arbitraky lin
algorithm. In order to get a feasible solution, we set theapacities would provide better coverage.

optimum to bed = 20%. In the worst case, the optimality gap

guarantee that we know the optimal solution. Designing a
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