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Abstract

Heterogeneous streams (due to issues such as disparate traffic characteristics of
each stream, or competing customers' traffic) raise the issue of whether to mul-
tiplex (some of) these streams. In an MPLS network, such multiplexing can be
considered by putting different streams into a tunnel identified by a single label
switched path (L SP), assuming that the different L SPs are assigned areserved share
of the resources. This issue becomes even more important in the traffic engineer-
ing of a backbone network when a decision needs to be made on which streamsto
multiplex when there are constraints on tunneling and capacity along with routing
requirements for tunnels. In this paper, we introduce a distortion factor due to het-
erogeneous streams in traffic engineering of MPLS backbone networksin the pres-
ence of tunneling and capacity constraints by formulating a distortion-aware non-
linear discrete optimization problem. Furthermore, we present atwo phase heuristic
approach to solve this formulation efficiently. In the first phase, the problem is de-
coupled into two subproblems and in the second phase we show how the non-linear
problem (for one of the subproblems) can be simplified. We then present numeri-
cal resultsfor both small and large networks to show where and how our approach
hel ps to determine when and which streams to multiplex depending on whether the
tunneling and/or capacity constraint is dominant; furthermore, by comparing our
distortion-aware traffic engineering model with a distortion-ignorant traffic engi-
neering model, we show the benefits of our approach.
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1 Introduction

Traffic, at the packet level for different applications, tends to have different char-
acteristics. This fact has been observed for emerging applications such as video
conferencing, peer-to-peer, and multimediaapplications[1,4]. Moreover, heteroge-
neous traffic streams are multiplexed together to share the same link. When traffic
of different characteristics are multiplexed together, traffic distortion occurs which
can be significant depending on the characteristics of the streams [9, 18]. Specifi-
cally, such impacts can be fairly strong when one or more of them are correlated in
nature. Besides distortion due to disparate traffic characteristics, a provider might
have preference not to combine certain streams because they belong to traffics of
competing customers and thus, may want to impose an induced distortion for the
purpose of traffic engineering.

Consider now an MPLS (multi-protocol label switching) network with label
switched paths, potentialy for different heterogeneous streams (for ease of dis-
cussion, label switched paths and tunnels will be used interchangeably). We define
tunnel as the unit of flow to which a certain bandwidth is allocated at each router
that it traverses. If multiple paths are being aggregated to share bandwidth, then all
of such paths together would be considered a tunnel. In order to minimize distor-
tion, a possible approach would be to classify and multiplex appropriate streams
into tunnels so that distortion is minimized within atunnel. That is, “like-minded”
streams can avoid (or minimize) distortion if the network has the capability to do
so. For this purpose, one can consider the MPL S network in which multiple |abel
switched path (L SP) tunnels can be set up between source and destination nodes;
such tunnels can be used to ensure logical separation between streams in order to
minimize distortions. Therefore, we require that the L SPs are setup with a proper
amount of allocated bandwidth and that the routers enforce bandwidth separation
among the L SPs.

There are anumber of ways to decide how to take advantage of the tunneling idea.
On one extreme, a separate tunnel for each possible traffic stream can be set up to
avoid any distortion. The difficulty with this approach is that the number of tunnels
can be prohibitively large. This then impacts packet processing and forwarding at
an MPLS router [22] and furthermore, administratively, too many tunnels lead to
higher network management costs. On the other extreme, all streams for the same
source-destination node pairs can be multiplexed in the same tunnel. Such an allo-
cation will result in streams having a considerably high amount of distortion, while
administrative overhead on managing tunnels and lookup cost can be minimized.



1.1 Contributions of the Paper

In this work, we address the trade-off between distortion and manageability of
label-switched pathsin an MPLS network, The scope of our work resides in short-
to medium-term traffic engineering planning where a network engineer needs to
play with ‘what-if’ scenarios with newly anticipated demands and customers and
what to mix while ensuring that the network has enough resources. manageability
of label-switched pathsin an MPLS network. Specifically, we address the follow-
ing question: given information on the characteristics of individual streams and the
number of tunnels (L SPs) that can be supported on each link (for example, to avoid
impact on the lookup time), can we engineer a network so that the distortion level
and the required number of tunnels are both addressed together?

In this paper, using a distortion measure [15] (see the Appendix for a brief sum-
mary), we construct an optimization formulation, which minimizes the distortion
suffered by individual streams for different source-destination node pairsin a net-
work environment. In addition to the capacity on a link, the formulation also in-
corporates restrictions in terms of the maximum number of allowed tunnels for
manageability. The formulation is general in the sense that it is transparent to the
method used to pre-compute the value of the distortion measure; rather, the distor-
tion measure could be induced when considering competing customers. The formu-
lation is a non-linear (quadratic) integer programming problem in nature and has a
large number of binary variables and constraints. To solve thisformulation, we pro-
pose a two-phase approach in which the first phase is solved by relaxing the binary
variables and the second phase (non-linear objective function) isfirst linearized and
solved using Lagrangian relaxation and subradient optimization. Through compu-
tational results, we demonstrate the convergence of our approach.

Furthermore, we propose severa distortion metrics to measure distortion at the
network-wide and the stream level due to flow interactions. Through numerical re-
sults on these measures, we demonstrate the utility of our formulation (“ Distortion-
Aware Model”) towards allocating streams to tunnels while minimizing the distor-
tion suffered by theindividual streams, compared to the case when distortion is not
explicitly incorporated (“ Distortion-lgnorant Model™).

1.2 Related work

Network traffic engineering literature is rich; for example, see the recent book [14]
and the references therein. In particular, there have been several works on MPLS
traffic engineering [2, 7, 21]. At the same time, thereis little work that accounts for
distortions in a traffic engineering framework. The work that is perhaps closest to
our work is [20], which studied the problem of routing streams to different virtual



paths (VPs), i.e., tunnels. This work addressed whether heterogeneous traffic with
different quality-of-service requirements should be segregated on distinct tunnels
or aggregated. They claimed that, in some cases, it is advantageous, but not always,
they developed a criterion on how to make this decision for Gaussian models. They
further commented that it is important to consider heterogeneous statistical multi-
plexing or traffic mixes in making routing decisions and suggested that multiser-
vice networks may operate like multiple logical networks, which are segregated by
service type. We, however, take a different view point. First, we address that it is
important to consider tunneling restrictions. Second, we consider a network wide
approach and aso determine the routing/bandwidth allocation of tunnels for het-
erogeneous traffic streams through distortion while honoring the capacity and tun-
neling restrictions. Recently, the notion of limiting tunnels in a traffic engineering
formulation for manageability has been addressed in a traffic engineering frame-
work [16,17]. Theissue of tunnels' growth has recently received the attention from
|ETF [22]. To our knowledge, the distortion factor had not been considered before
with the tunneling and capacity requirement in a traffic engineering framework.

The formulated traffic engineering problem is a quadratic integer programming
problem. While there are solution approaches available to solve such problems [8,
13], we take advantage of the specia structure of the objective function and the
constraintsto arrive at a simplified solution approach. We draw upon a decoupling
heuristic proposed in [12] to decouple the main problem; however, our decoupled
subproblems are not related to [12] and are solved exploiting the special structure.

1.3 Organization of the paper

The rest of the paper is organized as follows: In Section 2, we present the traffic
engineering formulation as a quadratic integer programming problem. In Section 3,
we present our solution approach, which decouples and decomposes the problem
into smaller subproblems. In Section 4, we present and discuss numerical results,
especialy the benefit of distortion-aware models compared to distortion-ignorant
models.

2 Traffic Engineering M odeling

2.1 Distortion

We start with our definition of distortion as it will be used for the purpose of traffic
engineering modeling.



Fig. 1. Allocation of streams ¢ and s only Fig. 2. Allocation of streams p, ¢, and s

Definition 1 Distortion measure A?? is defined between two streams p and ¢, where
p # q as AP? > 0, and captures the perceived negative impact of the streams on
each other.

Thismeansthat AP? isdefined loosely as the extent of negative impact in the traffic
streams p and ¢ if they are multiplexed together. Suppose that we are required to
route three streams p, ¢, and s with the same source and destination nodes, and
we know the pair-wise relation among streams as A?? < AP* < A%, Suppose then
that we only have two tunnels to route the packets from traffic streams p, ¢, and s.
Since A% isthe largest of them (i.e., ¢ and s have the largest distortion), we want
to route ¢ and s on different tunnels as shown in Figure 1. Next, we want to decide
on which tunnel to route the stream p. Since, AP? < AP*, we route p together with
g asshown in Figure 2 and s is routed by itself on the other tunnel. Such a routing
ensures minimal impact of distortionin al the streamsp, ¢ and s. Certainly, if there
were no tunneling restrictions, then each stream would get its own tunnel.

Note that by definition, a network engineer would want to operate the network at
a lower value of AP?. The characterization of distortion measure can be based on
many different requirements. In the Appendix, we present one possible approach of
constructing the distortion measure. In the presented example, distortion is based
on the departure distribution of the streams upon leaving the network, and it in-
creases as the extent of corruption with regard to a Poisson source is increased.
To see another application, consider a service provider supporting multiple cus-
tomers on acommon integrated MPL S/1P network. Some of these customers could
be competitors of each other and hence would object to sharing a tunnel with each
other, while others, such as banks providing financial services, would not like to
share the traffic with anyone else. In general, for increasing the degree of separa-
tion, some might be willing to pay extra charges while others may be willing to
accept sharing to some extent but prefer separation. Developing such a distortion
index would require closely understanding the rel ationshi ps between the customers
and the services that they are providing. Such an application, however interesting,
is outside the scope of this paper.



Tablel
Notations used in Traffic Engineering Formulation

N . Set of Nodes in the Network

K : Set of demand pairs generating traffic in the network

L : Set of links in the network

Ok : Set of streams for demand pair k£ € K

Py : Set of candidates paths for demand pair k£ € K

Cr : Revenue from carrying unit demand volume of demand pair k£ € K

pYe : Average Arrival rate (in Mbps) of streamp € Oy, k € K

AP Distortion measure between stream p, ¢ € O, on pathm € P, for k € K
Ty : Maximum number of tunnels allowed on link ¢ € £

Cy : Capacity of link £ € £ (in Mbps)

Ok, Ok : Normalization parameters

Variables:

xim : 0/1 decision variable associated with stream p € Oy, path m € Py,

Wem : Tunnel activity (binary) variable associated with pair k € I, path m € B,

2.2 Formulation

We now consider a network where heterogenous streams arriving at a source for a
specific destination need to be sent over one of the active tunnels (label switched
paths) between the source and the destination (see Table 1 for notations) with a
goal to minimize distortion. Each source-destination pair maintains its own set of
tunnels.

The following parameters are assumed to be given: NV, K, £, Cy, Ty, Q) and (.
For every stream p € Qy, we assume that average arrival rate A} for stream p for
pair k is available, and the distortion measure A}? between streams p and ¢ on
path m for pair k is pre-computed (see the Appendix) or is available through other
mechanisms for consideration in the traffic engineering formulation.

We also assume that a path generator (such as the k-shortest path algorithm) is used
to generate the set of possible paths, P, which will be candidates for tunnels. Let
| P,| be the number of candidate paths generated for demand £ € K. We introduce
the decision variable 2, associated with the stream p € Q,, path m € Py of
demand k£ € K. Itsvalueis 1 if the traffic of stream p selects path m; otherwise, its
valueis 0. Dueto capacity restriction, it is quite possible that a demand may not be
routed (see Section 2.3). Considering these aspects, we arrive at the following flow



constraints

Y <1, peQkek (1a)
mePy
a? €{0,1}, peQmePkeK (1b)

To address the flow of the stream of a demand on each link (for each path), we
introduce the indicator notation, ¢, to map between the demand and the link, as
they relate to the possible paths as follows:

4

km —

1 if path m of demand k useslink ¢
0 otherwise.

The bandwidth allocated to a tunnel is determined by the average arrival rate, \
(sometimes referred to as the sustained arrival rate), of the streams sharing the
tunnel, measured in Mbps. Thus, the bandwidth needed on any link ¢ (denoted by
F) to carry flow for different demands can be captured by the amount

ke mePy peQy

For ease of representation, we will henceforth use the tuple (k, m, p) to mean k €

IC, m € Py, p € Qx, dong with the compact summation notation >~ . Sinceeach
(k,m.p)
link ¢ has capacity C,, the following capacity constraints for each link ¢ € £ must

be satisfied:
> Gk, <Ci LEL (1c)
)

(k,m,p

To incorporate the restriction of limiting the number of active tunnels on any link ¢
to T,, we introduce a variable that captures the decision on whether any given path
as atunnel is being selected or not. The value taken by such a variable depends on
the value taken by the corresponding flow variables. We define wy,,, as the tunnel
activity variable; if it is one, then any of the streams can use the path and if it is
zero, the path is not active and cannot be used. Such a dependency relation can be
achieved through the following constraint:

Thus, when wy,,, is0, constraint (1d) forces z}, to be O for al p; on the other hand,

when wy,, is1, x¥  could be either 0 or 1. The following tunnel constraint limits
the number of active tunnelson alink:

Z 51€m Wi < Ty, e L. (1e)
(k,m)
Wim € {07 1}7 (kv m) (1f)



Thus, constraintsfor the traffic engineering problems are as given from (14) to (1f).
There are, however, multiple objectives to be considered. One objective isto maxi-
mize the total revenue generated by the flow carried by the network while a second
objective isto minimize the overall mismatch due to traffic streams sharing tunnels
in the network. Furthermore, a third objective is to minimize the cost of allocation
and maintenance of the tunnels. We show below how to construct a composite ob-
jective function based on these three objectives. The first objective, total revenue
generated, can be written as:

Y AT 2

(k,m,p)

Note that we encounter distortions only when for demand & there are any two dis-
parate streams p and ¢, which share the same path m. In other words, only when
= xl =1, acostisincurred due to the mismatch given by the distortion,
AP? . Summing it up across al the demands and all streams, we get

fd - Z kaqu 'rkm (3)

(k,m,p,q)

where ¢ € O, \{p}. The third objective accounts for the routing/maintenance cost
of the flows. If ¢, isthe routing cost of the candidate tunnel wy,,,, m € P, and
k € IC, then, the total routing cost is

= Z Z CrmWkm (4)

ke mePy

The cost of routing atunnel can be based on setup/maintenance costs as well as any
forwarding required by the tunnel. Thus, the total routing cost would depend on the
volume of flow on the tunnel and the number of hops taken by the tunnel and will
be additive in both. Such a cost is captured as

=2 2 S Mo (5

LeL pEQy

In order to accommodate all three objectives listed above, we combine them using
normalization parameters as f = f, — ¢fs — 0f., where ¢ and 6 (> 0) are nor-
malization parameters. By substituting the value of ¢;,,, from (5) in the combined
objective function, and considering the normalization parameters to be demand pair
based, we can write the combined objective function as we get

f: Z Ck)\zxim_ Z gpkka‘/\pq xk’m_ Z ekzékmAkamwkm (6)

(k,m,p) (k,m,p,q) (kym,p)  LeLl

Note the non-linearity in the third term due to «7 w,,. However, when coupled
with constraints (1d), it can be reduced to =}, wy,,, = a%,,. Therefore, the traffic



engineering problem, (P), for the MPL S backbone network can be written as:

(@) )

(@w} (k,m.p)

subject to the set of constraints (1).

2.3 Remarks

It is worthwhile to make several remarks about the traffic engineering model we
presented.

First, the incorporation of the tunneling restriction (in addition to the capacity con-
straint) forces some streams to be multiplexed. A goal of this formulation is to
minimize distortion when like-minded streams are multiplexed on a single tunnel.

Second, our formulation is primarily for use in short- to medium-term traffic engi-
neering planning where a network engineer needs to play with ‘what-if’ scenarios
with newly anticipated demands and customers and what to mix while ensuring
that the network has enough resources. Because of this, we address the possibility
that all demands may not be met, which is indicated through the constraints (1a).
Furthermore, we consider another goal in this context by addressing maximization
of revenue and athird goal of minimizing any routing/maintenance cost; these are
incorporated along with the goal to minimize distortion.

Third, our formulation does not address whether the quality-of-service is met in
the real-time. With combinatorial requirement, we, however, indicate whether a
stream is to be included or not (consider constraints (1b) along with (1a)) so that
the quality-of-service is met from a planning point of view if a stream is included.
If we relax constraints (1b) to fractional values, this would then mean that a stream
with partial demand is allowed to be incorporated, which, in turn, means that some
streams would be accommodated but the quality-of-service might suffer more.

Finally, while the revenue component of the objective function would seldom
change, and that most such networks are engineered to carry all the available de-
mands, it is also imperative to add the revenue in order to make sure that the formu-
lation does not providetrivial solutions. Consider removing the revenue component
from the objective function; then, the formulation would try to minimize just the
distortion and tunnel cost subject to tunnel and capacity constraints. In this case,
dueto theinequality in constraints (1)), the solution will alwaysbeto refuseall the
demands, leading to zero distortion and zero tunnel cost, which is an undesirable
outcome.



3 Solution Approach

Problem (P) is a discrete quadratic optimization problem. There are solution ap-
proaches available to solve such problems; for example, see[8,13]. Although these
approaches are useful, we base our solution approach on the special structure of the
objective function and the constraints to arrive at a simplified solution approach.
Thisis described next.

3.1 Decoupling into two Phases

Observe that the objective function of Problem (P) has two components. The first
component needs to be maximized (total revenue) and is integer linear in nature.
The second component needs to be minimized (the mismatch between the streams
sharing atunnel and the total tunnel cost) and is quadratic integer in nature. In most
practical traffic engineering problems, it is uncommon to refuse a revenue generat-
ing demand. Therefore, the total generated revenue will seldom change. Based on
this observation, we split the objective function into two parts and use a two-tier
approach similar to the one presented in [12]. Here, the decoupled Phase | Problem
(P1) maximizesthe function

f, = Z CMZJEZW (8)

(k,m,p)

This objective function is considered with the set of constraints (1); the solution of
this phase will be denoted by f, = F™*.

Next, we minimize the second order mismatch between flows sharing atunnel and

the overall tunnel cost while keeping the generated revenue at its previously derived
maximum value. The function to be minimized in the Phase || Problem (P,) is

o= D> |ek D WM + 06 D O Mk, 9)
(bmp) [ g ©

This objective function is considered under the additional restriction

> GAag, > (FF = X) (10)

(k,m,p)

along with the set of constraints (1).
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Table 2
Mapping between variables « and z

P x? Cons.onzP!  zPi(value)

0O O z> -1 0
0 1 z2>0 0
1 O z2>0 0
1 1 z>1 1

3.2 Solving Phasel

The Phase | Problem, Py, is an integer linear programming problem. In our case,
observe that Phase | Problem (P;) generates the value, F™*, which acts as a bound
and creates a constraint for the subsequent Phase Il Problem, P,. The generated
solutions of « and w from Phase | Problem (P;) do not have any implications since
they are really meaningful from the solution of Phase Il Problem (P;). Thus, we
take the continuous relaxation of Phase | Problem (P;) which is then alinear pro-
gramming problem and obtain the maximum value F'*; this value upper bounds the
integer version of Phase | Problem (P,). Since, the integer solution in the Phase ||
problem might not exist with the revenue value of F'*. Therefore, we have intro-
duced X, in order to make sure that the problem Phase Il remains feasible.

3.3 Linearizing Phasell

The Phase Il Problem, P, is a quadratic integer programming problem. The addi-
tional constraint (10) ensures that the values of variables « are only adjusted so that
the weighted accepted flow does not decrease from F* by more than X.

In Phase Il Problem (Ps), the product of =}, and z},,, takes only two possible val-
ues 0, 1; thismakesit possible to capture the same behavior using alinear function
by using an extra set of variables (z). In fact, this approach builds upon the spe-
cial structure of the problem—it not only avoids non-linearity but the newly added
variableis continuous in nature as well. For brevity, we momentarily drop the sub-
scripts k£, m and retain the superscripts for identifying two streams p, g. If we, now,
introduce the constraint

P4t —1 < 2P (11)
for every product term zPx? and minimize the sum of A??zP4, then non-linearity
can be eliminated. In Table 2, we show the transformation between the non-linear

term xPz¢ and the constraint on the value of zP? and the eventual value of variable
2P due to minimizing nature of the problem.

11



Using this mapping and observing that the value of normalization parameter ¢,
does not impact the solution, we build the modified Problem (P) which minimizes
the linear objective function

fo= Y |oed AR 2T 40y Z 5e Agb (12)
(k;m,p) ()
subject to constraints
and
0<% <1, (p.gm.k) (13b)

in addition to the set of constraints (1) and (10).

The newly constructed Phase Il Problem (P,) is an mteger linear programml ng
problem. Consider the size of this problem. Let m;, = |Pi|, n, = |£| and
ng = |Qy|. The Phase Il Problem (P}) has « and w as binary variables and z as
the continuous variables. Thus, the total number of binary variables are 3- ) my
(for w) and >y my ny. (for x), and the number of continuous variables are
>y Mg (Mg — 1) (for z). Thetotal number of constraintsare 2 e+ 32 () TRV T

In order to effectively solve Formulation (P5), we developed a decomposition al-
gorithm using Lagrangian relaxation [3] with duality and subgradient optimiza-
tion [5]. Thisis described next.

3.4 Decomposing Phasell

We observe that constraint (1d) is a coupling constraint between the variables, «
and w. We thus take Lagrangian relaxation around this constraint using dual vari-
able u. Here, the Lagrangian function

Lawziw) = 32 (o AL + 005 S b + ek — i)

(k;m,p) ()
(14)
Rearranging the Lagrangian, we get

pq _pq A p,.p p D p
L(x,w, z;u) Z O Z Nz + O Z O Abxh A+l xf —up W]

(k;m,p)
(15)
That is, the Lagrangian can be re-written as
L(z,z,w;u) = L, .(x,z;u) + L,(w, u). (16)

12



The dua Problem (D) is

sp = max 9(u), (17)
where
g(u) = {min} L(x, z,w; u). (18)

Note that for a given u, the Lagrangian L is separable in x, z on one side and w
on the other, reduces (18) to solving two independent subproblems.

min L, .(x, z;u) + min L, (w;u)
min L = { {=z} {w}
{z,z,w}

(19)
Go.2(10) + Juw(u)

where,

9s:(w) = min ol D AR R 4 01> G Ay, + U 2h], (20)
 mp @ ©

which is subject to (1a), (1b), (1c), (10), (13a) and (13b), and

gw(u®) = min Z (— Zuzm)wkm, (21

which is subject to (1e) and (1f).

The above requires solving three smaller problems, namely: s, ¢, .(u) and g, (u).
In the following subsections, we present our approach to solve these three separate
problems, first starting with g,,(u).

341 Solving g, (u)

Problem g,,(u) is a special case of Multiple Knapsack Problem (MKP). MKP is
known to be NP complete. Thus, solving the General MK P problem by direct meth-
ods imposes a severe constraint on the scalability of the solution approach. In our
case, the volume of each item isequal to 1 or 0 in all the knapsacks and the size
of each knapsack isintegral, making this specia case effectively solvable by faster
approaches. There always exists an integral solution for the LP version of MKP,
which is based on the result stated below. Moreover, at |east one feasible optimum
solution of therelaxed g, (u) isintegral and hence the use of the Simplex algorithm

13



will give ustheintegral solutions. RM K P (Relaxed MKP) can be written as:
F = max F(w) = chwj
j=1

subject to

ZAjwj S b

j=1
0<w; <1, (j=1,2,...,n)

(RMKP) (22)

where A isan m x n matrix with binary entries ( A; is the 5" column of A cap-
turing the a;;'s, the amount of resources required by object j in sack i), w is an
n-vector of variables (wy, ws,. .., w,), b an m-vector with nonnegativeinteger com-
ponents.

Theorem 1 Relaxed Multiple Knapsack Problem (RMKP) with a;; = {0,1} and
integer b has at least one binary solution in the set of all optimal solutions. (See
[16] for proof)

Intuitive reasoning is to consider each constraint Yoy agw; < b; fori=1,....m
as a hyperplane being placed in the n dimensional space. Since al a;; € {0,1},
these hyperplanes intersect with the axes and with each other at points of type
w = (w;, j =1,..., n)only wherew; € {0, 1}. Hence, al the extreme points
(points of intersection of n planes) have binary values. For the same reason, we
can effectively find solutions using a ssmplex approach, which checks the extreme
points only.

342 Solving g, .(u)

Observethat ¢, .(u) isaMixed Integer Program which needs to be solved for each
iteration of the algorithm. The number of steps required for convergence could be
high and hence a fast approach needs to be used to ensure solutions for practical
problems. Since at each step of the iteration, we need suboptimal solutions, we use
an iterative heuristic g, .(u, X') (as Algorithm 1) based on the approach presented
in[19] to solve g, .(u). The heuristic requires the current values of w. It aso needs
X value at which the previous iteration was completed. The heuristicisfairly sim-
ple and requires solving multiple continuous rel axations of the program to arrive at
a sub-optimal solution of the problem.

When solving the g, .(u) problem, we define sets X ; and X, containing the vari-
ables = which have been fixed (their values are already decided) and the ones that
are gtill variables, respectively. Initially, X, is empty and X, contains all the
variables.

Since we take the linear relaxation of (P;) to arrive at the value of F*, we cannot be

14



Algorithm 1 Successive Approximation Approach: ¢, .(u, X)
set X, = {xim,p € Qr,m€ P,k € ’C}, SetXf = {¢}
X «— 0.5 X, done« 0, change«+ 1
while (done =0 AND change=1) do

x «— solve Relaxed_g, .(u, X,, X)
if (x = NULL) then
X—axX
else
done < 1, change < 0O
foralpe Qp,me Py, ke Kdo
if (2%, <n)then
o, =0,Xy=XpUal,, X, = X,\2},, change=1
elseif (%, > 1.0 — n) then
me =1 ,Xf == Xf U {l’zm}
X, = X,\{«%,,}, change=1
else
done=0
end if
end for
end if
end while
if (done=0OR change=1) then
done=0
while (done =0) do
x — solve MIP g, .(u,X,, X)
if (@ = NULL) then
X+—axX
else
done«— 1
end if
end while
end if

assured of the existence of a binary solution with the same revenue. Hence, requir-
ing small values of X (around zero), might lead to the infeasibility of Problem (P?).
In fact, we use X as the cushioning space to ensure its feasibility at every step of
the iteration. Therefore, at the beginning of each iteration, we start with the initial
value of X equal to half of the value reached at the completion of the previousitera-
tion. Using thevaluesof X and X, we solvethe Problem Relazed_g, .(u, X,, X),
which is the relaxed version of Problem g, .(u) with the given value of X, mem-
bers of the set X, as continuous variables and elements of X ; asfixed to the already
decided values. Relazed_g. .(u, X,, X) isacontinuous linear programming prob-
lem which can be solved effectively by the ssmplex method even for a fairly large
number of variables and constraints.
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If the Problem Relaxed_g, .(u, X,, X) is infeasible (it returns NULL), then we
increase the value of X by multiplying it with « and solve the problem again. We
go on increasing the value of X until we get asolution of Relaxed_g, .(u, X,, X).
Upon obtaining the solution, we first inspect the solution for the values of variable
xh, € X,. The values obtained could be (8) z%,, > 1.0 — n, (b) 2%, < 7, (€)
n < 2t < 1.0 — n, wheren isthe error margin (we assumed 0.05).

The values of 2} ’s of type (a) are set to 1, type (b) are set to 0 and sets X,
and X; are updated as, X, — X, \{z},,}, X; «— Xy U {a}, }. The variables
of type (c) are left as variables. We then del ete capacities and tunnels on each link
based on the values of z},, which are in X ;. We then solve the reduced Problem
Relazed_g, .(u, X,, X). We repest the procedure until we find variables of types
(@) and (b) i.e., the reduction in the problem size is achieved.

Note that it is possible that when the value of x% = of type (a) is set to 1 and the
problem is rerun, the solution might be infeasible because the capacity constraint
(1c) isviolated (due to the increase of the value of z%, = to 1). For such a scenario,
increasing the value of X will not make the problem feasible. To avoid such a
pitfall, we keep track of the current state of the allocation on the link capacities and
tunnels (the resources). While deciding the value of =} of type (a), we increase
the value only if none of the links are getting violated, and accordingly update the
sets X, and X y. Otherwise, we do not update the setsand let 2%, , still be avariable.
Such a complication does not arise when deciding for types (b) and (c).

Finally, when it is not possible to obtain any more reductions in the size of the
problem, we solve the MIP problem using direct branch-and-bound methods. Dur-
ing experiments, it was observed that the size of such a reduced problem is fairly
small and hence, does not prove to be a limitation. Therefore, we have a feasible
solutionwith all = € {0,1}.

34.3 Solving sp
Observe that the Problem s, is an unconstrained optimization problem with vari-
able w. The function to be minimized is non-smooth and thus, we use the sub-
gradient approach to solve the dual Problem sp. This method iterates on the dual
variable u. Therefore, given u, once the solutions to the subproblems g, .(u) and
gw(u) are obtained, adua subgradient, 7 = (n},,), for g(.) is computed using
Tom = (Th — Wkm), P € Q,m € P,k € K (23)
Then the dual multiplier w is updated using

ul, = max{0, u,, + p i} (24)

m
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where the step sizes, 1., IS given by

#* — g(u
My = pgT”%() (25)

where, ¢ is the minimal primal solution over the iterations. We initialize p to
2.0, and it is subsequently halved whenever « does not change for consecutive 40
iterations.

We estimate the proximity of the current point with the optimal solution based on
the values of gap (g7 — g(mr)) and step size p1,,. Asthevaluesof g# and g(7) move
closer, the gap and the step size both become smaller. Hence, we assume that the
iterations have converged when

# —g(mw
QT?”,M <« (26)

€; = min(

for achosen value of e.

Regarding the generation of a feasible solution, it is known that the final solution
derived from the algorithm presented above might not be feasible (some of the con-
straints might be violated). Hence, a feasible solution needs to be derived from the
given values of x and w. We take the values of w as given and adjust the values of
x S0 as to make the solution feasible and recompute the value of objective function
f. We store the values of x and w corresponding to the maximum f encountered
during al the iterations. We put the maximum iteration bound as 1000 and if this
bound is reached, we accept the stored solution as the optimal solution.

4 Results and Discussion

We have implemented our approach in C++ while using CPLEX callable li-
braries[6] to solvethe phased subproblems. The results presented were obtained on
a stand alone Linux machine with a 1 GHz processor. The purpose of this section
is two-fold: first, we comment on the convergence behavior of the decomposition
algorithm presented in Section 3.4, and second, we discuss the benefit of distortion-
aware traffic engineering model, which is assessed by introducing a set of distortion
metrics.

In the rest of the paper, we base our results and analysis on the considered distortion

measure, which is presented in the Appendix. Each source is also characterized by
the squared coefficient of variation cip and correlation coefficient ~y,,.
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Fig. 3. Small Networks: SN1 and SN2
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4.1 Convergence Results

We present convergence results of the decomposition algorithm presented in Sec-
tion 3.4 for two test networks (Figure 3). For both these networks, we assume that
each link has a capacity of 622 Mbps, referred to as baseline capacity. We assume
that every demand pair is comprised of 20 streams. These streams are varied in
nature in terms of their first and second order characteristics: four streams with
average rates of 10, 15, 20 and 25 Mbps with ¢> = 6 with no correlation; four
streams with average rates of 10, 15, 20 and 25 Mbpswith ¢ = 1.5 and v = 0.9;
four streams with average rates 10, 15, 20 and 25 with ¢> = 2.5 and v = 0.95;
four streams with average rates of 10, 15, 20 and 25 Mbps with ¢? = 3.5 and
~ = 0.85; and finally, four streams with average rates of 10, 15, 20 and 25 Mbps
with ¢ = 4.5 and v = 0.99. Given these parameters, the distortion measure A is
first pre-computed using the approximation, summarized in the Appendix. For our
study, we generated 5 possible candidate paths for each node pair.
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In order to fully evaluate the convergence, we studied the solution algorithm for
both the sample networks by considering four scenarios. We describe here the con-
vergence based on the value of ¢, which captures the gap between the primal and
dual solution values. We observed the convergence for the tunnel and capacity con-
strained scenario. That is, we restricted the number of active tunnelsto 3 and use a
baseline capacity. The convergence behavior is presented in Figure 4 for SN1 and
SN2. Next, we increased the number of permitted tunnels to 7 and still used the
baseline capacity and present the resultsin Figure 5. This scenario was constrained
in tunnels but well provisioned in capacity. We a so increased the capacity to 300%
of the baseline capacity and present results with active tunnels equal to 3and 7 in
Figure 6 and Figure 7, respectively.

From these results, we observed that for various constrained and well-provisioned
scenarios, the convergence is achieved. Convergence of capacity constrained sce-
narios is particularly faster and typically require about 300-400 iterations. How-
ever, for capacity well provisioned scenarios, the convergence is somewhat slower
for SN1 and relatively fast for SN2; this meansthat the tunneling constrained traffic
engineering problem is somewhat more difficult to solve than capacity constrained
traffic engineering problem. Observe that the values of ¢; decrease in steps which
can be attributed to the approach of halving the parameter p which directly affects
the step sizes.

4.2 Distortion-Aware Traffic Engineering

421 Distortion Metrics

To compare Formulation (P), referred henceforth as the Distortion-Aware-Model
(DAM), against a ndive alocation strategy without distortion, referred henceforth
as the Distortion-Ignorant-Model (DIM), we consider the DIM to be an integer
linear programming model, without the distortion measure term (quadratic term) in
the objective function. For comparison between the DAM and DIM approaches, we
have devel oped the following four metrics to capture the measured distortion and
flow allocation:

e Metric A: Captures overall network level distortion:

p pq .4
Z kaA ka

A= (k,m,p,q) S 27)
Z xkzmAk

(k,m,p)
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Table 3
Value of Metric A for Small Network for multiple scenarios

T, =15 T, = 25
DAM DIM DAM DIM
Capacity | 6=0 | 6=0.1 | 6=025 9=0 | 6=0.1 | 6=025
100% | 2.45 (58) | 3.55 (41) | 3.55(40) | 5.41(38) | 1.80(75) | 3.54(42) | 3.54 (42) | 4.22 (59)
150% | 2.42 (60) | 3.47 (41) | 4.04 (40) | 6.07 (37) | 1.42(75) | 3.67(42) | 3.74 (42) | 6.31 (46)
200% | 2.54 (59) | 3.59 (41) | 3.58(40) | 8.35(25) | 1.48(75) | 3.62(42) | 3.56 (42) | 7.74(35)

e Metric B: Capturesindividua demand level distortion:

p pq .4
Z xkzmA xkzm

(m,p,q)
B, = (28)
Y T
(m,p)

e Metric C: Capturesindividual active path level distortion:

p pq .4
Z kaA Lim,

(»,9)
Cim = 29
! SN (29)
(»)

e Metric D: Compares the distortion variation in the DAM and the DIM ap-
proaches. Denote N as the number of active tunnels; then,

ADIMNDIM _ ADAMNDAM

D= NDAM _ NDIM (30)

As mentioned in Section 2, distortions could be constructed based on many differ-
ent requirements; one such example is presented in the Appendix. These metrics
capture the general increase and decrease in the value of distortion from a network-
wide point of view.

422 Resultsfor Small Network

The first study reported is for SN1 (a six-node network). The traffic demands and
streams were the same as discussed in Section 4.1. Besides the baseline capacity,
we aso consider cases with 150% and 200% of the baseline capacity. To restrict
tunnels on a link, we consider two tunnel limit values: 15 and 25. For comparison,
we consider three different values of the tunnel cost normalization parameter, 6,
at 0, 0.1, and 0.25, where # = 0 means that that the tunnel cost is ignored. In all
studies, the normalization parameter, ¢, with distortion measure is set to 1 for the
DAM; note that the DIM can also be thought of as the DAM when ¢ = 0.
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We present resultsfor Metric A in Table 3. We also include in parenthesis the total
number of active tunnelsin the overall network for the specified scenario. Clearly,
network level distortion is much less with the DIM than the DAM, regardless of
the tunnel size. Furthermore, observe that the presence of the tunnel cost parameter
(0 > 0) leads to a significant reduction in the number of used tunnels while the
value of Metric-A goes up. Note that the increase of 6 from 0.1 to 0.25, does not
have appreciableimpact on the distortion. The result that providesthe most strength
to the DAM approach, is that even when the number of used tunnels are equal to or
less than the DIM, the value of Metric A islessfor the DAM approach.

Next we consider Metric B. In this case, we present graphs where the demand pair
numbers are sorted based on the value of Metric B and plotted with demands having
an increasing value of Metric B on the y-axis. In Figure 8, we present Metric B for
the DIM and the DAM for 6 = 0,0.1,0.25 when T, = 15 and T, = 25 for the
baseline capacity case. Observe that with higher values of T,, the distortion for
each demand pair decreases for both the DAM and the DIM. Moreover, the values
of Metric B for DIM is high and as expected, the DAM succeeds in decreasing
the distortion for each demand. Interestingly, for 7, = 25, the differences between
the DAM and the DIM for some demand pairs is less. This can be attributed to
the capacity constrained nature of the scenario. Models (DAM or DIM) do not
have many choices to allocate the streams, rather capacity determinesthe available
tunnels and the allocated stream. Moreover, the value of Metric B for § = 0.1 and
0 = 0.25 issimilar.

In Figure 9, we list Metric B for the DIM and the DAM with § = 0,0.1,0.25 for
T, = 15 and T, = 25; thistime for the 200% of the baseline capacity. Observe that
the DAM provides significant benefits as compared to the DIM. When we compare
results with the previous scenarios, we note that the gap between the behavior of
the DAM and the DIM has increased considerably. The observation suggests that
the presence of higher amounts of capacity and tunnels makes the DAM approach
even more lucrative as compared to the DIM.

Next, consider Metric C which captures the distortion on each active tunnel (with
positive allocated flow) for the DAM and the DIM. For these graphs, we filter the
active tunnels (from all the tunnels) and compute Metric C for the tunnel. Then
we sort the tunnels based on the value of Metric C and present the tunnels on the
x-axis and the corresponding value of Metric C on the y-axis. Obvioudly, the plots
are non-decreasing in nature.

In Figure 10, Metric C is shown for the DIM and the DAM with # = 0,0.1,0.25
for T, = 15 and T, = 25 for the baseline capacity. Observe that the distortion per
unit of carried flow for tunnelsis much higher for the DIM than for the DAM. This
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Fig. 8. Metric B with T, = 15 and T, = 25 and 100% capacity for Small Network

leads to a sense of disparity in terms of performance as seen by the carried traffic.
On one hand, there are tunnels which have the value of Metric C as zero; on the
other hand, many tunnels have Metric C as high as 12. The DAM not only ensures
that the distortion isless in the network, but that the tunnels have relatively similar
performance. The value of Metric C only variesfrom zero to four (for 15 tunnelson
links) and from zero to two (for 25 tunnels on link). In general, the DIM allocates
fewer tunnels than the DAM approach. However, such an affect is avoided by the
presence of tunnel cost. The DAM approach with tunnel cost, not only allocates a
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lesser number of tunndls, but it also still maintains smaller values of Metric C.

By increasing the baseline capacity to 200%, Metric C is shown for Figure 11 for
DIM and DAM with § = 0,0.1,0.25 with T, = 15 and T, = 25. As before, the
value of Metric B for the DIM is higher than the DAM for ailmost al tunnels. How-
ever, with more capacity, the DIM allocates even fewer tunnels than the previous
scenario. But, the DAM approach maintains a similar number of active tunnels and
continues to ensure that all tunnels get lower values of Metric C. Also observe that
for some scenarios, the value of Metric C for the DAM with nonzero 6 is higher
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Fig. 10. Metric Cwith T, = 15 and T; = 25 and 100% capacity for Small Network

than the DIM approach. For these scenarios, we observe that the number of alo-
cated tunnels are much lower than the DIM approach. Even for these scenarios, in
general, the value of Metric A (presented before) is higher for the DIM approach
(except in afew cases).

Observe that the presence of more capacity in the network leads to the DIM al-

locating fewer tunnels, each having a high value of Metric C. Furthermore, DAM
without tunnel cost, uses many more tunnels (still conforming to the tunneling re-
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striction) and for them achieves much lower values of Metric C. When the DAM
model has positive tunnel cost (nonzero #), the number of used tunnels decreases
drastically for the DAM but the value of Metric C is higher than the scenario with-
out the tunnel cost. However, even with the decreased tunnels and increased value
of Metric C, the DAM with tunnel cost performs better than the DIM model. In
other words, the DAM approach fares better in terms of values of Metric C as com-
pared to the DIM approach even when it has fewer active tunnels.

Theresultsfor Metric C indicate that the DAM achieves lower values of distortion
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Table 4
Value of Metric D for the Small Network for various scenarios

T, =15 T, = 25

Capacity | =0 6=01|6=025|6=0|6=01|6=025
100% | 317 | 2000 | 3170 | 712 | -59 -5.9
150% | 345 | 2058 | 2100 | 634 | -340 | -333
200% | 172 | 3.85 437 | 400 | 170 17.34

by alocating more tunnels. It can be argued that such behavior is still beneficial
since the routers are capabl e of handling such an increased number of tunnels. This
brings out the original intention of our work “to trade-off the middle ground” and
provide solutions which have lower distortion and aso an acceptable number of
tunnels. Using Metric D, we show that the DAM approach does more than that.
Metric D compares the product of average distortion per unit flow and tunnels used
to achieve the distortion for the DAM and the DIM. In other words, Metric D rep-
resents the differential in average distortion per unit flow between the DIM and the
DAM normalized by the differential in the number of active tunnels.

In Table 4, we present values for Metric D for various scenarios for the small net-
work. Results show that the DAM not only distributes the demands over more tun-
nels but also does intelligent allocation of streams to tunnels leading to a smaller
value of distortion as compared to the DIM. Interestingly, the extent of benefitsis
varied based on the network topology, capacity and tunneling restrictions. Observe
that & amplifies the benefits of the DAM approach in terms of Metric A, vis-a-vis
the used number of tunnels. The presence of tunnel cost leads to solutions which
not only use fewer tunnels (than & = 0), but use these tunnels so that the distortion
per unit flow is still low. When compared to the DIM, it translates into very high
values of Metric D. Moreover, at timeswe find that the Metric D is negative, mean-
ing that the DAM approach for a given # uses fewer tunnels than the DIM and still
has the smaller value of the product of Metric A and number of used tunnels.

4.2.3 Resultsfor Large Network

In this section, we present results for a randomly generated network with 40 nodes
and 77 links. We assumed that there are demands between every pair of nodes con-
sisting of 5 streams each. These five streams have average arrival rates of 10, 15,
20, 25, 30, ¢* of 6, 1.5, 2.5, 3.5, 4.5 and ~y of 0, 0.9, 0.95, 0.85, 0.99, respectively.
Given these parameters, distortion measure A is first pre-computed using the ap-
proximation given in the Appendix. We assumed that each link has a capacity of 10
Gbps and can support 1000 tunnels. The value of Metric A (and active tunnels) for
the DAM approach was found to be 0.034 (3681), 0.37 (2493) and 0.37 (2464) for
6 equal to 0, 0.1, and 0.25, respectively. For the DIM approach, the corresponding
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Fig. 12. Metric B and Metric C for Large Network

value is 0.93 (2002). In Figure 12, we present the values of Metric B and C. The
value of Metric D for the DAM approach was found to be 1.03, 1.91, and 2.05 for
0 equal to 0, 0.1, and 0.25, respectively. The results follow the same trend as was
observed for the small network.

Convergence behavior for thislarge network was similar to the small networks dis-
cussed earlier. The computing time on a 1 GHz processor linux machine took less
than a minute to complete for thislarge problem. The overall solutions approach is
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fast because each iteration is inexpensive.

In summary, the numerical results show that the formulation is indeed powerful
and that it captures the basic motive of minimizing distortion in the presence of
tunneling and capacity constraints. More so, the formulation adequately responds
to various possible scenarios of tunnel and capacity restrictions. Moreover, the so-
lution also givesa novel way of determining the optimal mapping of traffic streams
to tunnels. For the ease of forwarding, streams sharing the same tunnels can be
grouped together as the same service class. Such a grouping ensures that no addi-
tional filtering needs to be done to incorporate the solution in areal world network.
Observe that such a mapping is driven by better end-to-end performance as seen by
individual streams.

5 Conclusion and Future Work

In thiswork, we presented an approach for effective traffic engineering of an MPLS
network in the presence of heterogeneous streams, by incorporating distortion, tun-
neling limits, and capacity. Our approach is primarily applicable for ‘what-if’ stud-
ies for short- and medium-term traffic engineering planning, and is not geared
for real-time traffic engineering. By taking distortion into account, we presented
aquadratic integer programming formul ation. We then showed how this model can
be linearized. We developed an efficient two-phase algorithm to solve the traffic
engineering formulation.

Our approach can be labeled as a “Distortion-Aware” traffic engineering ap-
proach. We devel oped several metricsto compare our approach against adistortion-
ignorant approach. Through numerical studies, we have quantified this difference
and shown that our approach is quite effective in allocating heterogenous traffic
streams to like-minded tunnels (L SPs) to reduce distortion in a network-wide set-
ting.

It may be noted that our notion of distortion is broad-based and generic. For exam-
ple, if aprovider does not want two customers to be combined on the same tunnel,
it can assign a high distortion value for this pair of customers; then, our model will
identify if they are appropriate to be combined based on a set of constraints and
for agiven objective function. From our numerical results, it is evident that without
incorporating the distortion measure, some unwanted traffic streams (or customers)
may be combined.

Our approach takes an end-to-end view in addressing distortion with traffic engi-
neering. Several future directions may be pursued. A future direction would be to
allow the ability to incorporate link level distortion. Another direction would be
to consider how distortion is impacted when there is a network failure and traffic
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streams are to be re-routed. It is to be noted that the notion of distortion consid-
ered here is broad based. A third future work would be if typicaly parameters of
interests such as loss, delay, and jitter could be mapped to a measure of distortion
when traffic streams are combined in an MPL S tunnel. Finally, how to incorporate
any additional restrictions due to MPL S tunnel implementation because of queues
at routers would be worthwhile to address.
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Appendix

A method (and the motivation behind this method) to determine pair-wise distor-
tion measure AP? for distortion between two streams p and ¢ isdetailed in [15]. We
briefly summarize how it is used as input to the traffic engineering problem. Given
the average arrival rate ()\), the squared coefficient of variation (c¢?) and the coef-
ficient of correlation (), the mismatch between streams p and ¢ is approximated
as

APT = AT+ APT + AP (3D
where A?9 is the contribution of rates to the mismatch between the streams, A9 is
the contribution due to ¢?, and A due to the coefficient of correlation. These, in
turn, are estimated by

AP = Ay = Agl, (329)
AT =G =1+ (= Dl (320)

and
Azq = |(>‘p7q) + ()‘q7p)|- (32¢)

A special case iswhen both the streams are Poisson, in which we set AP? = 0, since
no distortion occurs.

In the remainder of this appendix, we explain the reason for choosing such a distor-
tion measure. Consider that the above mentioned streams p, ¢, share an exponential
server S with an infinite queue size, and under a heavy load. Upon being served
by the server .S, the stream p is separated and passed through another exponential
server S, and we compute the value of P[Q, > 0]). Similarly, we compute the
value of P[Q), > 0] for stream ¢. In order to achieve this, we built upon the linear
algebraic queueing theory (LAQT) based model presented in [18]. We now show
that higher (smaller) values of AP? would trandlate into higher (smaller) values of
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metric P[Q) > 0] at the servers. Moreover, higher values of P[Q) > 0] is unde-
sireable for any stream passing through a network since it negatively impacts the
observed waiting time for an arriving packet.

In Figures 13- 15, we plot values of P[Q) > 0] for increasing AP (on x-axis) where
stream p has different distribution characteristics. We consider three types arrival
processes distributions of stream p: (1) Poisson (c¢? = 1), (2) high ¢2, but uncor-
related, and (3) high ¢? and correlated. Similarly, stream ¢ varies from Poisson to
uncorrelated (but with high ¢?) to correlated and high ¢2. In our case, a correlated
stream is approximated using [10, 11] and is referred to as Marie-Mitchell with
parameters A, ¢?, and .

For the case when streams p is Poisson (\,) and ¢ has high ¢ and is also correlated
(i.e, ¢ ~ Marie-Mitchell(A,, ¢, 7,)), We present results in Figure 13; note that
Ar? js determined based on (32) and we used Ap = A, = 5 for this example. It
may be noted that we observed distortions. Since, P[@) > 0] is minimal (for both
streams) for lower values of A”, metric (32) isameaningful metric to be minimized
in order to ensure that the distortions in the streams are minimal. Similar patterns
were observed for other values of A, and A,.

For the case when stream p is not Poisson and has a high ¢? but is uncorrelated,
and ¢ is same as the previous cas, i.e., ~ Marie-Mitchell(A,, ¢, 7), We present
resultsin Figure 14;. Here, weused p ~ Marie-Mitchell(5,4,0) and for stream g,
we used \, = 5 for illustration. Observe that, for this case, the suggested measure
A7 can also adequately capture the trend of distortion in both the streams. Similar
results were obtained for streams p with different A\ and ¢?, and stream ¢ with other
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Fig. 13. Stream p is Poisson
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values of \.

In the final case, both streams have high ¢? and are also correlated (v > 0). In
Figure 15, we present results for the P[Queuelength > 0] for both streams p and
q as the approximate metric increases. For thisillustration, we have used stream p
with A =5, ¢2 = 4 and v = 0.99, and stream ¢ with \ = 5.

Similar behaviors were observed for different values of )\, ¢? and ~ of the stream
p and A for stream ¢. To summarize, the chosen form of A?? adequately captures
the extent of distortion in the streams p and ¢. Thus, the presented distortion metric
(A) isreadily available for various types of streams under consideration to be mul-
tiplexed, and it reflects the negative impact of sharing of streams upon their packet
arrival characteristics.

It may be noted that the traffic engineering formulation presented in this paper
is independent of the distortion measure described above. Other methods can be
developed and used while retaining the traffic engineering formulation presented in
this paper.
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