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Abstract

We consider a Differentiated Service Domain, in which the domain administrator has to decide if to accept or to reject
Bandwidth Reservation Requests (BRRs) requested by users. We first define an analytical approach and a methodology to
determine the set of SLAs that can be effectively supported by a DiffServ IP network. We consider the Assured Forwarding
Per Hop Behavior, and, based on the BRR probabilistic description, we derive a worst—case mathematical formulation for
the overbooking probability, i.e., the probability that the traffic crossing any link of a source-destination path exceeds the
link capacity. Next, we focus our attention to the problem of routing traffic arising from BRRs, i.e., the selection of paths
along which traffic may flow. In particular, we show that the construction of an optimal set of paths is equivalent to the
construction of a multicast tree, or a Steiner Tree, which is know to be an NP-hard problem. We therefore propose a class
of simple heuristics, whose performance are assessed by simulations. Results show the effectiveness of the admission con-
trol criterium proposed, and that it is possible to increase up to 40% the amount of capacity a network provider can reserve
to BRRs without violating the QoS constraints or to reduce the BRR blocking probability by a order of magnitude by
using the proposed optimization algorithm.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Traffic patterns on today’s Internet have become
more and more unpredictable, shifting from the
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of the World Wide Web, to the peer-to-peer frenzy
of the past few years. As if predicting user traffic
were not sufficiently demanding, the introduction
of a wide range of mobile services over the Internet
is bound to give service providers quite a few head-
aches too. For these reasons, adequate tools to
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support the provision of Quality of Service (QoS)
guarantees to end users are sorely needed. Among
them, the DiffServ [1] architecture is frequently tou-
ted as the cure-for-all solution.

The DiffServ architecture works by providing
packet classification at the network ingress, and dif-
ferent treatment within the network according to a
(small) set of classes, named Per-Hop Behaviors
(PHBs). The various PHBs define a rich toolbox
for differential packet handling by individual IP
routers. In the DiffServ framework, a service con-
tract, or Service Level Agreement (SLA), is estab-
lished between a customer and a service provider,
to specify the forwarding service that a customer
should receive. An SLA encompasses several aspects
of network communication, namely peak/average
bandwidth guarantees, service outage duration and
frequency. In this work however, we focus on the
problem of determining whether enough resources
are present in the network so that the bandwidth
requirements of the novel and the already established
SLAs are fulfilled. We therefore define a framework
for Bandwidth Reservation Requests (BRRs) and
BRR admission control procedures and algorithms.
Once successful established, the service contract,
though, does not discriminate among packet destina-
tions, (or sources if they are being received by the
customer). For this reason, it is of paramount impor-
tance that a service provider be capable of predicting,
as it were, which parts of its core network are likely to
become overloaded as a new BRR is accepted, and
take appropriate actions. A preemptive solution is
to route traffic from a new BRR over a set of paths
that, at the same time, satisfy the user’s bandwidth
requirements while making sure that the bandwidth
is evenly utilized across the whole domain. This
paper addresses the issue of where to route traffic
from new BRRs, once they are admitted into a pro-
vider’s network. We stress that the solutions outlined
in this paper are amenable to on-line and off-line
implementation by a service provider.

Before tackling the problem of BBR admission
and routing, it seems useful to recall the cornerstones
of the DiffServ architecture. Traffic offered by the
user is metered at its ingress node according to the
user’s traffic profile, and packets are marked accord-
ingly so that they experience different PHBs. Com-
mon DiffServ PHBs are Expedited Forwarding
(EF) [2], Assured Forwarding (AF) [3], and classic
Best Effort (BE). The purpose of the EF PHB is to
carry traffic from endpoints as if it traveled over a
“virtual leased line’’; on it, deterministic guarantees

are offered. Provisioning the network for EF traffic
is often accomplished by giving it strict priority over
traffic marked by other code points. The AF PHB
instead offers a soft guarantee: within each AF class,
IP packets are marked with one of (two or three)
possible drop precedence values. In case of conges-
tion within a node, it tries to protect packets with
better service profile by preferably discarding those
with a higher drop precedence value. The AF PHB
can be used in a point-to-point setting, as well as
in point-to-multipoint configurations, where traffic
can flow to different destinations (or come from dif-
ferent sources) at the same time.

The DiffServ guarantee paradigm is now sup-
ported in a number of IP routers of different make;
still, not many network operators are yet exploiting
DiffServ to offer guarantees to their customers, in
spite of the potential increases in revenues. This fact
is due in part to the difficulty in setting the parame-
ters of the algorithms used for the differentiation of
the treatment offered to the different traffic classes,
but even more to the difficulty in determining how
to implement a BRR Admission Control (BRR-
AC) algorithm so as to protect the network from
overloads, thus allowing the network to meet the
bandwidth guarantees specified in the SLA contract.

In this paper we first tackle the BRR-AC problem
by developing an analytical model to characterize the
admissibility of a set of BRRs; this analytical model
can also be used at run time to decide about the
admission of anew BRR in a given network scenario.
The implementation of the admissibility decision
requires the global knowledge about the bandwidth
allocated to currently active SLAs and the routes
used by the corresponding traffic; thus, it requires
the existence of a (centralized or distributed) server
in the network, where BRR-AC decisions are taken,
coherently with the Bandwidth Broker concept.

The model used to decide about BRR admissibil-
ity is based on a statistical approach, and can only
approximately predict whether the acceptance of a
set of BRRs allows the fulfillment of their require-
ments. However, it must be noted that, to the best
of our knowledge, no previous approach exists in
the literature to estimate the admissibility of a set
of BRRs in a DiffServ scenario.

Then we propose a heuristic algorithm that tries
to increase the effectiveness of the admission algo-
rithm through a careful selection of routes from sets
of sources to sets of destinations. Those BRRs that
were accepted, and for which a route was selected,
are “‘pinned”’ to the links of the route. Commonly,
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this is achieved using MPLS [5,6] inside the core
network.

2. Related works

The main conceptual difference between classic
admission control [7] problems and the AF-BRR
admission control problem in a DiffServ network
consists in the BRR definition itself. Indeed, in a
AF-BRR, the SLA contracted between the network
and the user involves in general more than one
source/destination pairs. In particular, two possible
types of BRR are possible: the first refers to traffic
generated by a single user and directed to (possibly)
multiple destinations, while the second considers
traffic going from (possibly) multiple sources to a
single user. Each BRR is described in terms of
parameters, such as assured bandwidth going to
(coming from) a set of possible destinations
(sources) within the same DiffServ Domain, or, pos-
sibly, egress (ingress) nodes connected to other
domains. The choice of the links which will then
be used to carry the traffic belonging to a given
AF-BRR is therefore different from the classic rout-
ing problem in a point-to-point requests. It indeed
can be formalized as finding the set of paths which
will be used to route a new BRR, so that the amount
of bandwidth available to all AF-BRRs over such
set of paths is guaranteed. This problem is equiva-
lent to the well-known Steiner Tree problem [8].

The problem of finding the best Steiner tree has
also been faced in the optimization of Virtual Pri-
vate Networks, and it has been traditionally named
in the literature as the “hose model” [12]. The hose
model for bandwidth reservations has been pro-
posed in the context of VPN (virtual private net-
work) provisioning. A VPN is an emulation of
services provided by Private Networks (PN) — leased
lines connecting a set of sites. With an increasing
number of VPN endpoints, an alternative to the
standard point-to-point (or customer-pipe) app-
roach has been proposed in the hose model: given
a network with link capacities and a set of VPN
sources/destinations, one needs to know an upper
limit of the amount of traffic entering and leaving
each node from and to the other nodes. Then, a
VPN hose is created connecting all nodes, with pref-
erence for sharing as many links as possible. The
structure of the hose can be a tree, or any other con-
nected graph. Once the set of routes (or the Steiner
Tree, or the hose) has been defined, classic
approaches to test if the network has enough

resource to allocate to the novel BRR can be
applied. If not enough resources are available, then
the BRR will be rejected.

In the literature several Measurement Based
Admission Controls have been proposed, but also
parameter-based approach are pursued. End-point
admission control through probing [13] is the most
interesting approach. Probes are sent out in the
requested traffic class and the results gathered by
the egress router in terms of packet loss, jitter, trans-
mission time etc. The egress router itself decides
whether the flow can be accepted. This has the prob-
lem of bandwidth stealing, since the probes do not
show the effect of accepting the new traffic on
already accepted BRRs. Also there is an overhead
in the form of large setup time.

More traditional approaches comprise: pricing
mechanisms, which are proposed as a viable means
to the BRR admission control in [14] for example,
backward learning algorithms [15], and measured
based mechanisms coupled with service curve
approaches [16].

3. Admission control for BRRs in DiffServ networks

The BRR admission problem requires the follow-
ing input information:

o the (logical) topology of a single DiffServ
Domain, comprising M nodes and L links; each
link /,1 </< L is supposed to reserve capacity
C; to the AF class of service. Each node m can
be classified as either ingress/egress node if users
(i.e., non-specific traffic generators) are con-
nected to that particular node, or core node, if
it is a pure transit node, i.e., no traffic is either
generated or directed to that node;

o the routing algorithm used on the logical topol-
ogy, which is assumed to be known (for example,
Shortest Path); if routing identifies multiple
paths, load balancing among different paths is
allowed;

o the set of users that request service from the net-
work; each user is attached to an ingress/egress
node, and can request more than one service
from the network, i.e., multiple BRRs can refer
to the same user;

e a definition of the BRRs of interest; in particular,
we consider two possible types of BRR: the first
refers to traffic generated by a single user and
directed to (possibly) multiple destinations, while
the second considers traffic going from (possibly)
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multiple sources to a single user. Each BRR is
described in terms of assured bandwidth going
to (coming from) a set of possible destinations
(sources) within the same DiffServ Domain, or,
possibly, egress (ingress) nodes connected to
other domains. The BRRs demand statistical
bandwidth guarantees on traffic, i.e., the traffic
transmitted (received) by the source (destination)
subscribing to the SLA; therefore, each BRR is
characterized a statistical bandwidth guarantees;

e a probabilistic description of the traffic associated
with every BRR, in terms of fraction of overall
traffic going from a user to the set of its destina-
tions, or coming from the set of possible sources
to the user, i.e., an average traffic matrix. Such
probabilstic description is compatible with the
provision of soft guarantees.

The BRR admission problem output is the accep-
tance region for BRRs, defined as a set of inequali-
ties that must be verified in order to guarantee that
the network fulfills BRR requests.

4. Notation

The following notation is used throughout this
paper:

e (C;is the capacity of link / that is reserved to the
AF class of service;

. BRRf,C is the k-th BRR subscribed to by user i;

e BY is the bandwidth requested from by i as spec-
ified in BRRY; B can refer to either the outgoing
assured bandwidth allocated to user i to transmit
to a set of possible egress nodes, or the incoming
assured bandwidth that user i is allocated to
receive from a set of possible ingress nodes;

e II* is the probability with which BRR¥ must be
guaranteed by the network, i.e., the probability
that user 7 is allowed to send (receive) traffic using
a bandwidth equal to or larger than B;

o rf is the probability with which the traffic
belonglng to BRR is directed toward (coming
from) the egress (1ngress) node j; since the desti-
nation (source) of traffic belonging to the same
BRR can be possibly more than one egress
(ingress) node, the notion of traffic matrix associ-
ated with each BRR is required; obviously

jrfi = 1; we assume that a route toward (com-
ing from) an egress (ingress) node is always avail-
able, regardless of whether there actually is traffic
flowing to (from) that node;

o pdf (F » @) is the pdf of the random variable ot s
which characterizes the AF traffic referring to
BRRk and egress router j. Note that ch is not
related to the current traffic user i is sendmg into
the network, rather to the possible traffic the user
might send within its BRR definitions.

5. BRR admission control

The methodology we propose has two goals: the
first is to obtain a probabilistic description of the
AF link load through the knowledge of the probabi-
listic description of traffic patterns and the paths each
flow follows in the network. The second goal is to
derive a statistical description of the overbooking
probability for every BRR, in order to define the
maximum bandwidth that can be guaranteed to each
BRR. This identifies an acceptance region including
the sets of BRRs that can be guaranteed, given their
contracted overbooking probability. Alternatively,
this can be used as an admissibility control criterion
for new BRR requests. The admission criterion is
defined for each ingress or egress node of the DiffServ
Domain, given the BRRs already accepted.

In order to evaluate the Assured Forwarding
traffic the network must support, we need to know
pdf (& » ) for all i,j, k. These quantities are difficult
to obtain from users, because in general they are not
related to the real traffic user i is injecting into or
receiving from the network. Indeed, a user can
request a BRR characterized by a value B that in
general can be higher than the peak bandwidth the
user expects to need (in which case the user is over-
provisioning its BRR, so that all of its traffic is
marked with the contracted drop precedence value),
or even smaller than the user’s average bandwidth
usage (in which case the user is underprovisioning
its BRR, and a portion of user traffic is marked with
a higher drop precedence value, and receives a lower
service level from the network). Thus, it is unrealis-
tic to suppose pdf ((15" o) to be known. This makes
pdf (& ) 1ntr1n51cally hard to quantify, and
impossible to derive from measures.

We can however conjecture what possible forms
pdf (P J,w) can take. @ﬁj are limited-support ran-
dom variables, as their values are upper-bounded
by Bf. Thus
€ {0,B} =1 (1)
Moreover, for a given destination (source) node j,
we have that

E|®;)] = r},B; (2)

ijoio
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since the traffic pattern of each BRR is known. Fi-
nally, being pdf(®* ., w) a density probability func-
tion, we have

/pdf( fw)do = 1. (3)

i)

However, there are infinite possible pdf (P i ) that
satisfy (1)~(3). Among those, we chose pdf(®* i @)
as an on-off distribution, whose analytical expres-
sion can be written as

pdf( ij? ) (l_rﬁj)'é(w)‘i"{ij'é(w_ij),

(4)
because this is the pdf that maximizes the variance,
and thus the uncertainty associated with the AF
traffic being carried by the network. Indeed, it is
intuitive to see that the worst-case scenario is given
by users who send (receive) an amount of traffic
equal to their contracted bandwidth to (from) a sin-
gle destination (source) at a time. This allows us to
derive a worst-case scenario, hence a conservative
methodology.

Given a link over which BRRs are setting up res-
ervations, consider the overall traffic that is
expected to flow on such link if all BRRs were
accepted. Let ocfﬁ’j[ be a binary variable, i.e., either
equal to 0 or to 1, that takes into account the rout-
ing of BRRY; in partlcular

ij — .
Y 0 otherwise.

ki { 1 if BRR! traffic to(from) j crosses link /
If link / belongs to more than one path that carries
traffic belonging to the same BRRf.‘, then the per-
centage of AF traffic flowing on [ is described by a
random variable lFf."l , whose average is given by

E[PH) = 4 _Bkzaklrk (5)

i,j"i,j

and then it is possible to derive an on-—off
pdf (P, w) following the reasoning outlined by
(1)-(3), and assuming an on-off distribution. The
standard deviation associated with the total AF
traffic belonging to BRRf to (or from) egress j,
and flowing on link / is then

—\/E qjkl [Tkl]

= B\ (" — (1)?). (6)

Given the statistical description of the AF traffic of-
fered by BRRs, it is possible to derive a statistical

description of the requested AF traffic flowing on
links through the evaluation of the random variable
¢', which is given by the convolution of all PDFs
that describe the traffic from BRRs crossing link /.

In order to do that, we assume statistical inde-
pendence among the ¥*’. While this assumption
holds if we are considering two different BRRs, it
does not hold for traffic belonging to the same
BRR, and flowing on different paths. Indeed, con-
sidering a link /, ¥%' can either be equal to 0 or to
B, since only one destination j at a time can have
<15k i = Bf therefore, for a given source i and BRR
k, there is statistical dependence among ‘P’" on links
belonging to disjoint paths leading to dlfferent des-
tinations j. However, the independence assumption
1S a worst-case scenario, because it could lead to
the case where the BRR traffic is flowing on multiple
paths at the same time, thus causing the total
amount of traffic outgoing (incoming) from (to)
the same source (destination) node to exceed the
contracted bandwidth. Under this assumption, we
can write that

pdf(¢', 0) = @ppdf (P}, w), (7)

where ® denotes the convolution operator.

Since the exact evaluation of the distribution of
the reserved traffic on all links can be too expensive,
we propose to approximate it by applying the Cen-
tral Limit Theorem. The random variable describ-
ing the traffic reserved on a given link is the sum
of several independent traffic variables, and thus
tends to be normally distributed. Using the central
limit theorem, we can therefore state that the aver-
age and the standard deviation of traffic reserved
on link / are

W =Ep] = Z >, (8)
S > @ o

keBRR

where u and ¢ are, respectively, the average and
standard deviation of the amount of traffic flowing
on link /.

The resulting distribution of traffic crossing link /
is approximated by a Gaussian distribution and the
probability that the traffic crossing link / is greater
than C,, i.e., the link overbooking probability P', is
given by

1 C -
Prob{w > C;} 5 erfc(\/i. a’>' (10)
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For each BRR, it is possible to relate the proba-
bility P¥ with which BRR;C cannot be guaranteed by
the network to the link overbooking probability P’

Pi=1-> ]/ -P), (11)
j I

because there must be no overbooking on every link
through which the traffic from source i, related to
BRRY, flows.

Thus, from (10) and (11) it is possible to derive a
system of inequalities that, for each BRR, must hold
to guarantee that no overbooking is present, and all
the committed BRRs are satisfied

(1-P > IIY, Vik (12)

The resulting system contains [{BRR}| inequal-
ities, that completely specify the admissibility region
of the BRRs. The system is non-linear, and must be
solved using numerical techniques. The same system
of inequalities can also be used as admissibility con-
trol criterion for new BRR requests coming to the
network, in which case all inequalities must be ver-
ified to accept the new request, given a previous
existing set of already admitted BRRs.

6. Path selection for BRRs

Usually linked to the admission control problem
is the selection of paths that allow newly admitted
BRRs to be routed without interfering with path
allocations of existing BRRs (i.e., without causing
the violation of QoS guarantees already provided
to existing BRRs). The problem of finding the set
of paths that will be used to transport traffic from
a newly admitted BRR is formalized using a graph
theory approach. The topology of the DiffServ
domain is modeled by a Directed Graph
9 ={7",o/} in which 7" is the set of vertexes
(|17| =M) and ./ is the set of directed arcs
(|.«Z] = 2L). A vertex represents a node in the topol-
ogy, while two directed arcs (i, j), (/, i) € .o/ between
nodes i,j € 7" represent a link. Each arc is weighted
by two costs, (u;,0;), which represent the average
and standard deviation of the traffic which is flowing
on arc (i,j).

The set of nodes 7 = {s € V|rL, #0,j #£i} CV
includes all destination (source) nodes of BRRf.‘.
The cardinality of ¢ will be indicated by D. Then,
given a set of already accepted and routed BRRs, it
is possible to derive for each arc the cost (i, o).

The routing optimization problem can then be
formalized as finding the set of arcs 7% which will

be used to route a new BRR request, so that the
maximum average overbooking probability experi-
enced by all {BRRf.‘ } over such set of arcs, indicated
as P¥(T%), is minimized, i.e., min(max;P*(T%)). If
PY(T*) < (1 — IT¥), then the new BRR will be
accepted, otherwise it will be blocked.

This problem is equivalent to the well-known
Steiner Tree problem [8], which can be summarized
as the problem of finding the minimum cost tree
T that connects a source node i to a subset of ver-
texes in digraph &. As cost function, the overboo-
king probability is considered, which unfortunately
is a non-linear function of (u, o;), transforming the
formulation in a non-linear problem. Moreover,
also in its original formulation, the Steiner Tree
problem is known to be NP-complete, and therefore
can only be solved using heuristics.

6.1. Proposed heuristic

The limited amount of time that can be devoted
to solve the problem, i.e., to reply to a user’s
BRR, suggests that the Steiner Tree problem is best
solved using heuristics with limited complexity. We
therefore propose a simple heuristic, whose com-
plexity is very limited and depends on two tunable
parameters. In particular, the construction of the
Steiner tree is obtained as union of pre-computed
paths according to any given metric, each one con-
necting the source node s to a particular destination
d. An iterative algorithm is then used to compute
several trees, and select among them the one which
minimizes the maximum overbooking probability
PNTY), Vik.

Let {P._,,i=1,2,...,K} be an generic ordered
set of K paths pre-computed between s and d using
a metric common to all of them. In the following,
the metric of choice is the number of hops, so that
path number 1 is the shortest path." Let T%(n) be
the solution to the Steiner tree problem obtained
at iteration n. For each destination d, a single path,
identified as opt, is selected, and T%(n) is then
obtained as the union of all the arcs of P,,. There-
fore different solutions are obtained by selecting dif-
ferent sets of paths.

The algorithm we propose tries to efficiently
explore the state space of a possible set of paths,
whose number grows as a combinatorial function

! In case less than K paths exist, only the available paths will be
considered.
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of K. Instead of considering all possible combina-
tions of paths, at each iteration K - D¥ different solu-
tions are tested, each one obtained by simply
changing one path at a time, i.e., for a given destina-
tion d, test all trees obtained by considering all K
paths P'_,. This defines K - D' “neighbors”, i.e.,
solutions that differ from the previous one by a sin-
gle path. At the end of the iteration, the best neigh-
bor is selected. A maximum number of iterations Z
is defined to limit the complexity of the algorithm.
This algorithm fall in the class of the “Steepest Des-
cend” class of metaheuristics according to the oper-
ative research naming.

Fig. 1 shows two possible trees (arcs included in
the tree are thicker), obtained considering the
source node s, and two destination nodes d, d>.
Two different paths to d; are considered, P,_, =
<S,2>,<2,d1>, and Pi—»dl = <S, 3>,<3,d2>,<d2,d1>,
yielding two different trees.

Fig. 2 reports a formal description of the algo-
rithm. Lines 1-7 build the initial solution as the
union of all the first-selected paths for all destina-
tions. Lines 10-24 then iterate Z times the construc-
tion of possible better solutions, by building for
each destination (line 12) all possible trees consider-
ing all K paths from i to d (lines 14-22). opt[d] is

Fig. 1. Two possible trees from source node s to destinations
nodes d; and d, obtained by considering P, = (s,2),(2,d\),
and P;ﬁd] = (s, 3>7 (37d2>7 <d27dl>-

used to store the best path found so far toward des-
tination d.

Considering as basic operation the evaluation of
the minimum-maximum overbooking probability
for all BRR, the algorithm complexity is O(ZMK),
as at most Z iterations are possible, each of which
requires to consider for all destinations D; = O(M)
at most K paths. The computation of K paths is
done offline and therefore its complexity does not
affect the time required to reply to a BRR. It can
be obtained using variations of the Dijkstra’s algo-
rithm with computational complexity O(KL log M).
In particular, in our implementation of the algo-

25. return TY

1. T5(0) =0, n=0

2. // Build the initial solution

3. forall (d € D)

4,

5. Ts(0) = Ts(0) | J{< I,m >€ P/ ;}

6. opt[d] =1

7.}

8. T =Ts(0)

9. // Iterate to build other solutions

10.for (n=1; n<Z; n++4)

11.{

12.  forall (d € D)

13.

14. for (i=1; i< K; i++)

15.

16. Ts(n) =10

17. Ts(n) = Ts(n) J{< I,m >€ P!_;}

18. forall (j € D [\ {d})

19. Ta(n) = Ts(n) J{< l,m > PPUy
—J

20. if (m;ax(ps(Ts (n))) < msax(ps (T7))) then

21. T =Ts(n); optld] =i

22.

23.

24. }

Fig. 2. The heuristic algorithm.
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rithm, the set of paths {P._,} is chosen as the set of
K shortest paths from source node s to destination
node d.

7. Performance results

We first present results to assess the performance
of the admission control criteria. To optimize the
routing of BRR, we set K =2 and Z = 10. A discus-
sion on the impact of those parameters will be pre-
sented in Section 7.5.

A software tool was developed to obtain experi-
mental results for the proposed methodology. Given
a description of the problem, including the BRR
definitions in terms of {Bf,r};, IT}}, the tool can
evaluate the system of inequalities defined in (12),
and check whether the BRR set is admissible or
the network is unable to fulfill its commitment to
the contracted SLAs.

The tool also finds a set of BRR committed
bandwidths {B*} for which all the inequalities in
(12) hold, but no Bf can be increased without violat-
ing at least one inequality. We call this a border
point, which indicates that the AF network capacity
is completely exploited, and no already present
BRR can ask for larger bandwidth without violat-
ing the guarantees of at least one BRR. Given that
it is impossible to solve the system (12) in closed
form, the tool iteratively seeks a border solution,
trying to increase all B¥ up to a value in which it
is not possible to further increase any of them. Dif-
ferent “increase’ algorithms can be applied, so that
more than one border point can be found from a
starting BRR set. In this paper, we set the initial
{B*} to be 1/1000 of link capacity, then iteratively
pick a BRR at random, and try to increase its com-
mitted bandwidth by a small fraction (around 1% of
{B*}). The algorithm stops when no increase can be
applied for 100 consecutive iterations.

To test the performance of the proposed
approach, we also developed an event-driven simula-
tor based on the ANCLES tool [9]. This is a connec-
tion-oriented simulation tool, which can measure the
performance of a max—min-fair network that carries
elastic traffic connections. The simulator takes the
network description as input, as well as the BRR
set defined according to the pair (BY, r{‘ ;)- It then sim-
ulates the connection generation process at user
level: during the simulation, each user requests that
connections to a destination are set up, according
to the traffic pattern defined by its BRRf. Each con-
nection is associated with a given (random) amount

of data to be transferred, so that the average offered
load is equal to B¥. The new connection is then rou-
ted over the path chosen by the heuristic toward the
destination, and the instantaneous amount of band-
width is evaluated according to a max-min-fair
share algorithm, i.e., the bottleneck capacity is uni-
formly split among all connections flowing through
the bottleneck channel at each time instant. Finally,
the connection is terminated after all user data have
been transferred.

During the simulation, the tool evaluates the
probability that the guarantees to BRRf.‘ are not
met, ie., it computes the measured overbooking
probability P¥. This overbooking measure can then
be compared to the one predicted by the proposed
methodology.

As a first test, we consider a single DiffServ
domain, comprising M = 32 nodes and L =138
links, arranged in a randomly generated topology.?
The GT-ITM [11] tool was used to generated the
topology. Each link has the same capacity C;=1;
such capacity is completely devoted to the AF ser-
vice. Thirty-two users are present, one for each
node, so that all nodes are ingress/egress nodes.
Each user generates BRRs for three different desti-
nation sets, so that a total number of 96 BRRs are
present. To simplify the scenario, we suppose that
all BRRs are identical. In particular, we consider
only BRRs where users are traffic sources, and traf-
fic is routed uniformly to d destinations, i.e., for
each BRR, d destination nodes are selected at ran-
dom for which rf, = l/d while the remaining M-
d-1 nodes do not recelve connection requests from
that particular BRR user.

7.1. Comparison with a persistent traffic model

In this test, BRR comprises N simultaneous con-
nections, each requestlng a bandwidth equal to
so that the total traffic offered by BRRk is equal
to B*. Each connection randomly selects one possi-
ble destination, uniformly chosen among the
d = 31 egress points. Each connection must transfer
an average amount of data corresponding to 100
KB, and as soon as a connection ends, another
request immediately follows, so that the total
offered traffic related to BRRY is always constant
and equal to Bf. If the bandwidth available to a

2 Different random topologies were tested, without observing
major differences from the one presented in this paper.
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BRR is throttled because of congestion in the net-
work, the duration of the connection grows longer.
While this is not a realistic traffic model, it is very
similar to the one adopted in the analytical method-
ology, where pdf(@fj,w) is modeled by an on—off
distribution. '

The overbooking probability is computed as the
ratio between the starved traffic and the contracted
traffic. By “‘starved traffic” we indicate traffic that
obtained less bandwidth than requested.

In the scenario presented here, the BRR set rep-
resents a possible border point, determined such
that IT* > 0.9 for all BRRs. The resulting scenario
was simulated in order to evaluate the accuracy of
the prediction on the overbooking probability.

Fig. 3 shows simulation results and our analytical
results.

For each BRR, the figure reports both the simu-
lated and the computed overbooking probability Pt.
The computed probability is plotted by the solid
line, while the simulated probabilities are plotted
for three separate cases, referring to different num-
bers of connections, N, by which each BRR is rep-
resented. For ease of visualization, the BRRs are
sorted in decreasing order of estimated overbooking
probability.

Considering the estimated overbooking probabil-
ity, it must be noted that not all BRRs show
P! = 0.1, even if the considered scenario is a border
point: only the leftmost BRRs show an estimated
overbooking probability that is equal to 0.1, none-
theless it is not possible to increase other BRR com-
mitted bandwidth without at the same time
violating at least one of these BRR constraints. This
is not surprising, since we are considering a scenario
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Fig. 3. Simulation with persistent model: overbooking pro-
bability.

where each BRR involves all possible destinations,
and thus probably most of the links in the topology.

Considering the measured overbooking probabil-
ity when N =1, we can observe that IA’f < P*. This
was expected, since the analytical model provides
an upper bound to the actual overbooking probabil-
ity. The fact that there is a difference between the
simulation result and the analytical prediction is
due to the assumption of statistical independence
among the P*' (used in the model, but obviously
violated in the simulations), which is equivalent to
consider, during the computation of ¢', that the
traffic coming from any BRR may grow up to B
for all destinations, without taking into account that
the total bandwidth originating from one user can-
not exceed BY. If we consider the other cases, we
instead observe the effect of the assumption that
each ¥*' is modeled by an on—off process, where
the bandwidth value within on periods is Bf, while
in the simulations the bandwidth used by each
BRR toward any destination can assume values

UiBE/N)Y .
7.2. Comparison with Poisson traffic model

We now consider a more realistic traffic model;
the traffic offered by BRRf is modeled by connec-
tion requests that arrive according to a Poisson pro-
cess, in such a way that the average offered traffic is
equal to Bf. Each BRR can have an average number
of active connections equal to N. Being this a statis-
tical model, there can be periods of time during
which the network is overloaded, as well as periods
of light utilization. In this scenario, the overbooking
probability is defined as the ratio between the time
during which the user was starved, and the simula-
tion time (ignoring the initial transient phase).

We are interested in seeing if a border scenario
which is admissible according to the introduced
methodology is still admissible under the Poisson
traffic assumption.

Fig. 4 reports both the estimated and the mea-
sured overbooking probabilities, where, except for
the traffic model, the scenario is the same as consid-
ered in the previous case. We reported the cases
N =1,2,3, N=1 being rather unrealistic. Our aim
focus went on how the statistical multiplexing intro-
duced by the Poisson model increases the gap
between our worst-case estimate and the measured
overbooking probabilities. Indeed, we see that
P* < P* holds for all BRRs and the gap becomes
more and more noticeable as N increases. This is
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Fig. 4. Simulation with Poisson model: overbooking probability.

due to the large granularity introduced by the
assumption that each connection generated by a
BRR user request has bandwidth equal to Bf/N.
Thus, every time instant when there are more than
N connections from the same user, is a time when
the current load is higher than the contracted load.
This induces congestion on all the paths where con-
nections are routed, resulting in an increased over-
booking probability for all the BRRs sharing links
on such paths. However, as N increases, the granu-
larity decreases and the chance that the ‘“‘excess”
connections all contribute to violating the con-
tracted load on the same link become slimmer.

7.3. Statistical gain

In this section we quantify the multiplexing gain
allowed by the proposed framework. In particular,
we quantify the portion of the network bandwidth
that can be devoted to AF BRRs by a network oper-
ator (an ISP). Let # be the ratio (in %) between the
committed BRR bandwidth and the weighted aggre-
gate network bandwidth (sum of the bandwidths of
all links over the average minimum distance among
nodes). i.e.,

>
A

ZA (i)

(13)

where A(i,j) is the minimum-hop path length be-
tween node i and j. n represents the percentage of
network resources that can be allocated to users gi-
ven a specific number of selected destinations and
the committed overbooking probability. We con-
sider the same network topology as before, and
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Fig. 5. Statistical gain versus d.

study the impact of some of the parameters that
are used to define the BRRs.

To better understand the relationship between
the committed BRR bandwidth and the possible
scenarios an ISP can face, Fig. 5 outlines an interest-
ing behavior of #, and underscores its dependence
on the number of possible destinations where the
BRR traffic can be routed. We compare different
border scenarios by varying the number of possible
destinations d of BRRs, and the values of the over-
booking probability I1. Each point is obtained by
averaging 10 different border scenarios. If the num-
ber of destinations is small, the number of traffic
relations per link is small; each has a high average
data rate, which translates in a smaller ¢, i.e., in a
more deterministic traffic pattern. This allows a lar-
ger amount of traffic allocation into the network. 7
progressively decreases as the number of destina-
tions increases, only to increase again for large num-
bers of destinations, when the effect of statistical
multiplexing takes over. Indeed, when the number
of destinations is large, the amount of traffic routed
to each destination becomes smaller, so that the
standard deviation a "in (6) becomes small.

Fig. 6 reports n as a function of the committed
overbooking probability for values d=8,16,31,
and compares the predicted values of # with those
that could have been achieved if Mean Bandwidth
Allocation (MBA) were used, and if peak allocation
(I = 1) were chosen. In particular, the MBA sce-
nario considers pdf (®* it w) =71} o(w— Bfij), which
is equivalent to assuming the traffic offered by each
BRR to be perfectly known and deterministic. This
indeed represents the maximum amount of band-
width that can be committed to AF traffic with
Pf # 1, and if more traffic is accepted, the overboo-
king probability is always equal to 1.
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Fig. 6. Statistical gain versus II.

Fig. 6 shows that the proposed BRR-AC permits
to commit to AF between 30% and 45% of the
aggregate network bandwidth, depending on the
overbooking probability contracted by the BRRs.
This is about five times larger than peak allocation,
and only about 10% points less than MBA alloca-
tion (which does not provide any bandwidth guar-
antee). This shows the effectiveness of the
proposed methodology, that exploits network
capacity while guaranteeing the overbooking proba-
bility. In addition, a slight decrease of the commit-
ted bandwidth is noticeable for large values of II,
as the stricter QoS required limits the multiplexing
gain. Finally notice that d =8 enforces a tighter
limit on #, as the limited number of destinations
imposes a more conservative bandwidth allocation;
at the same time, the gain is reduced by the smaller
amount of statistical multiplexing with respect to
higher values of d.

7.4. Resilience to parameters uncertainty

We have shown so far that the BRR admission
control criterion adopted correctly predicts the
bandwidth availability perceived by users. It
requires as input from the user a description of
the total bandwidth requirement (B¥), and the traffic
split among possible destinations (sources) (rf i)
While the knowledge/prediction of Bf may be possi-
ble, the perfect knowledge of the traffic split may be
very hard to obtain. Therefore we are interested in
the impact of uncertainty in ¥ ; onto the admissibil-
ity criterion we are proposing. To this end, we per-
formed a set of simulation in which we suppose that
the traffic splits, rf‘ ;» declared by users are affected by
a relative error, so that the actual traffic split ?{‘ ;18
different from the declared one. We selected the
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Fig. 7. Average, minimum and maximum overbooking proba-
bility experienced by BRRs for different percentage of
uncertainty.

same network topology as before, then generated
border BRR configurations considering the declared
7}, and finally ran a set of simulations in which the
traffic split was affected by a percentage of error e,
1e.,

fffj =(1+ eU)rf/.,

where U is a random variable with uniform distribu-
tion between —1 and 1.

Fig. 7 reports the average, minimum and maxi-
mum overbooking probability experienced by BRRs
for different values of e. A Poisson traffic model is
considered, with N =1 (which is the worst-case).
As can be noticed, the impact of ¢ is negligible on
the average bandwidth availability experienced by
users (being the error uniformly distributed); it has
little effect on the minimum overbooking probabil-
ity, while it increases the maximum values of the
overbooking probability experienced by less lucky
BRRs. Notice that for values of ¢ up to 50%, the
maximum overbooking probability is still below
the requested limit, and only 0.03% points larger
than the limit values when the error is up to 100%.
A natural conclusion is that the impact of errors in
the traffic split marginally affects the proposed meth-
odology. Even better results can be obtained when
more complex traffic scenarios are considered (e.g.
N > 1), as the worst-case analysis performed by the
BRR admission criterion leaves more room to errors
on the input parameters (see Fig. 4).

7.5. Routing optimization

After evaluating the effectiveness and robustness
of the BRR admission criteria, we now focus our
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attention on the routing optimization algorithm. As
a performance metric, we initially consider the max-
imum percentage of network capacity that can be
allocated to guaranteed all BRRs, as captured by
the statistical gain . The impact of the path selec-
tion algorithm can be inferred from border configu-
rations where, at each step of the Bf allocation, a
new tree 7 is also generated according to the pro-
posed heuristic. Therefore, more complex tree selec-
tion algorithms yield a better utilization of the
network capacity.

1. Impact of path set size and number of iterations:
To evaluate the impact of the two tunable param-
eters K (number of paths tested by the heuristic)
and Z (number of iterations) introduced in Sec-
tion 6.1, we report # versus the total network
capacity. The impact of K and Z is of interest
since it affects the complexity of the heuristic.
Table 1 reports different border points versus dif-
ferent combinations of the Z and K parameters.
Three different scenarios are considered, in which
d=31,16,8. The cases Z=0 (or K=1) are all
equivalent, because in these cases the algorithm
will immediately exit after the initial solution to
the Steiner Tree problem is obtained (either no
iterations are allowed, or no alternate paths can
be considered to build other trees). Therefore,
they can be considered as baseline configurations.

Table 1
n versus Z, K considering d = 31,16, 8 destinations (top, medium,
bottom table, respectively)

K
1 2 3 4
d=31
zZ 0 30.72 - - -
1 - 32.69 33.13 33.20
2 - 34.07 34.79 34.87
3 - 35.50 36.01 36.06
SCTF 30.72
d=16
Z 0 28.11 - - -
1 — 34.84 34.98 35.63
2 = 36.92 37.69 38.11
3 - 38.29 39.49 40.01
SCTF 29.98
d=238
Z 0 29.03 - - -
1 - 34.04 34.98 35.35
2 - 35.87 36.97 37.39
3 - 36.05 37.32 36.67
SCTF 29.58

For the sake of completeness, we report results
obtained when considering the Steiner tree
obtained with the so called Selective Closest Ter-
minal First (SCTF) algorithm [10], which was
shown to offer a good approximation of the opti-
mal Steiner tree in generic meshed graphs.
Considering the impact of the number of paths
K, a limited increase in 5 is observed, while the
impact of the number of iterations, Z is larger.
For example, considering d = 31, the increase of
n goes from 30.72% up to 36.06% when
Z =3, K=4, corresponding to an increase of
17%. This is largely due to the increased number
of iterations Z rather than to the increased num-
ber of paths K. As an explanation, consider that,
for each increase of Z by a unit, the optimization
algorithm explores a different possible solution
obtained by switching one path to a different des-
tination. On the contrary, increasing the number
K of paths generates solutions where a larger
number of paths are tested from each destina-
tion; however, those paths are less desirable met-
rics (they are longer, in our case) and therefore
waste more bandwidth when used to route traffic.
This holds true for all scenarios, where the gains
in the # increase up to 34% (d = 16) and to 28%
(d = 8). The increased gains are due to a higher
degree of variability of scenarios, allowing the
optimization algorithm to obtain larger gains.
Notice that the SCTF algorithm performs very
similarly to the case when K = 1. This confirms
the intuition that greedy algorithms do not pro-
vide good solutions, and that the local search cri-
terion adopted by the proposed algorithm helps
in improving the initial solution.

. Maximum number of iterations Z:

The previous results suggest that having just
K =2 paths for each pair of source/destination
nodes guarantees an increase in total assured
bandwidth. It is however interesting to study
how large Z can grow before these gains become
negligible. Fig. 8 gives the answer to the previous
question, by reporting 5 versus Z for the three
previously considered scenarios. As can be
observed, all the curves in the plot show an
asymptote: for Z — oo the # is upper-bounded.
In particular, for the d =31 scenario, Z > 8§
offers no negligible increase in the total assured
bandwidth that can be successfully allocated to
the AF traffic. For d =16, Z = 6 it is sufficient
to reach the maximum gain, while for d = 8§, after
Z =2 iterations there is but a negligible gain.
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To give the reader the intuition on the different
resource allocation obtained for different values
of K and Z, Fig. 9 plots the estimated overboo-
king probability experienced by BRRs in border
configurations. Three BRRs are requested from
each node, each BRR considers d = 31 destina-
tions and requires an overbooking probability
no larger than 0.1. BRRs are sorted in decreasing
order of estimated overbooking probability when
considering the case Z =0, K = 2. Looking at the
case in which Z = 0, the overbooking probability
is in general smaller or equal that the limiting one,
with few BRRs facing an overbooking probability
exactly equal to the limit, as already notice in
Fig. 3. Nonetheless, no increase in the allocated
bandwidth can be performed without violating
any BRR request. Considering instead increasing
values of Z, we notice that, while the estimated
overbooking probability is still within the QoS
requirement, BRRs face larger overbooking
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Fig. 9. Estimated overbooking probability of border configura-
tion reached with different routing optimization parameters.

probability. This corresponds to a better resource
allocation. As already noticed in Fig. 8, the larger
gains are obtained for small values of Z, while lit-
tle difference can be appreciated among larger val-
ues of Z.

7.6. Dynamic scenario — blocking probability

While the total assured bandwidth is a perfor-
mance index that is related to the maximum traffic
a network can transport under bandwidth con-
straints, another important performance index is
the Blocking Probability experienced by users when
requesting a service. Smarter allocation algorithms
allow network operators to accept a larger number
of requests, and to increase the revenues. In this
subsection, we explore how the proposed algorithm
affects the BRR admission control in term of block-
ing probability. A dynamic scenario is considered,
in which users issue BRRs to the network operator
for a limited amount of time. A request is accepted
in the network according to the admission policy,
otherwise it is refused. BRRs arrive following a
Poisson process of parameter 4, and the BRR hold-
ing time is exponentially distributed with average
duration normalized to 1. Each BRR calls for an
assured bandwidth B, =1 Mbit/s on links with a
bandwidth B, toward d = 31 egress nodes. The same
network topology as in the previous section is
considered.

Fig. 10 plots the blocking probability versus the
offered load to the network, which is defined as
o= %/1. The plot shows that a noticeable reduction
of the blocking probability is already obtained for
Z =2, and a further decrease is achieved for

0.1 : . _ |
7 / // /1
S5 / 7
> 0.08 7=2 / 4
: LK
) -
£ 0.06 /) _
5 | B
: Sy
g /
2 004 7 _
Q% XS
0.02 g _
- -7 ,//
0 e . .
2 25 3 35 4 s
p

Fig. 10. Blocking probability of BRRs considering K =2 and
d =31 for different values of Z.
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Z =5, while considering Z = 10 iterations yields lit-
tle additional decrease.

This confirms the intuition that it is possible to
better allocate network resources with limited
complexity without violating the bandwidth
constraints.

8. Conclusions

The paper proposed a low-complexity, heuristic
algorithm for resource selection, allowing a network
provider to increase the amount of bandwidth it can
sell to its users without violating traffic guarantees.
We introduced an admission control criterion which
relies on the knowledge of the assured bandwidth
and the set of involved destination (source) nodes.
By assuming that BRRs are independent, we
obtained a closed set of equations defining the
amount of traffic that can be accepted by the net-
work provider without violating requirement by
BRRs. We then devised an optimization algorithm
to define the set of links that will be used to route
traffic belonging to each BRR, which is a general-
ized Steiner-tree problem. We proposed a simple,
yet effective local search algorithm and evaluated
its performance by considering several scenarios.
Results show that, although the solution is non-
optimal, it yields remarkable gains after a few
iterations.

The BRR admission criterion and the routing
optimization algorithm were proved to guarantee
large network utilization while at the same time
guaranteeing the bandwidth requested by already
admitted traffic.

References

[1] D. Black, S. Blake, M. Carlson, E. Davies, Z. Wang, W.
Weiss, An architecture for differentiated services, RFC 2475,
December 1998.

[2] V. Jacobson, K. Nichols, K. Poduri, An expedited forward-
ing PHB, RFC 2598, June 1999.

[3]J. Heinanen, F. Baker, W. Weiss, J. Wroclawski, Assured
forwarding PHB group, RFC 2597, June 1999.

[4] M. Mellia, C. Casetti, G.Mardente, M. Ajmone Marsan, An
analytical framework for SLA admission control in a
DiffServ domain, IEEE Globecom 2002, Taipei, TW,
November 2002.

[S] E. Rosen, A. Viswanathan, R. Callon, Multiprotocol label
switching architecture, RFC 3031, January 2001.

[6] D. Ooms, B. Sales,W. Livens, A. Acharya, F. Griffoul, F.
Ansari, Overview of IP multicast in a Multi-Protocol Label
Switching (MPLS) environment, RFC 3353, August 2002.

[7] Harry G. Perros, Khaled M. Elsayed, Call admission control
schemes: a review, IEEE Communications Magazine 34
(November) (1996) 82-91.

[8] P. Winter, Steiner problem in networks: a survey, Networks
17 (Summer) (1987) 129-167.

[9] ANCLES — A Network Call-Level Simulator. URL: http://
www.telematics.polito.it/ancles.

[10] S. Ramanathan, Multicast tree generation in networks with
asymmetric links, IEEE/ACM Transactions on Networking
4 (4) (1996) 558-568.

[11] GT-ITM: Georgia Tech Internetwork Topology Models.
http://www.cc.gatech.edu/fac/Ellen.Zegura/graphs.html.

[12] N.G. Duffield, P. Goyal, A. Greenberg, P. Mishra, K.K.
Ramakrishnan, J.E. van der Merive, A flexible model for
resource management in virtual private networks, in: Con-
ference on Applications, technologies, architectures, and
protocols for computer communication, Cambridge, MA,
August 2003, pp. 95-108.

[13] L. Breslau, E.-W. Knightly, S. Shenker, I. Stoica, H. Zhang,
Endpoint admission control: architectural issues and perfor-
mance, ACM Sigcomm, Stockholm, Sweden, August Sep-
tember 2001, pp. 57-69.

[14] X. Wang, H. Schulzrinne, Pricing network resources for
adaptive applications in a differentiated services network, in:
Proceeding of INFOCOM’2001, Anchorage, Alaska, pp.
943-952, April 2001.

[15] T.C.K. Hui, C.K. Tham, Adaptive provisioning of differen-
tiated services networks based on reinforcement learning,
IEEE Transactions on Systems, Man and Cybernetics 33 (4)
(2003) 492-501.

[16] C. Oottamakorn, D. Bushmitch, A DiffServ measurement-
based admission control utilizing effective envelopes and
service curves, IEEE ICC 4 (June) (2001) 1187-1195.

Marco Ajmone Marsan is a Full Profes-
sor at the Electronics Department of
Politecnico di Torino, in Italy. He is the
Director of the Institute for Electronics,
Information and Telecommunications
Engineering of the National Research
Council since September 2002. He is the
Vice-Rector for Research, Innovation
and Technology Transfer at Politecnico
di Torino since November 2005. He has
degrees in Electronic Engineering from
Politecnico di Torino and University of California, Los Angeles.

He was at Politecnico di Torino Electronic Department from
November 1975 to October 1987 — first as a researcher and then
as an Associate Professor. He was a Full Professor at the Uni-
versity of Milan Computer Science Department from November
1987 to October 1990. During the summers of 1980 and 1981, he
was with the Research in Distributed Processing Group, Com-
puter Science Department, UCLA. During the summer of 1998
he was an Erskine Fellow at the Computer Science Department
of the University of Canterbury in New Zealand.

In 1982, he received the best paper award at the Third Inter-
national Conference on Distributed Computing Systems in
Miami, Florida. In 2002, he was awarded a Honoris Causa
Degree in Telecommunications Networks from the Budapest
University of Technology and Economics. He is a corresponding
member of the Academy of Sciences of Torino. He participates in



2752 M.A. Marsan et al. | Computer Networks 51 (2007) 2738-2752

a number of editorial boards of international journals, including
the IEEE/ACM Transactions on Networking. He is listed by ISI
among the highly cited researchers in Computer Science. He is a
fellow member of IEEE.

Claudio Casetti graduated in Electrical
Engineering from Politecnico di Torino
in 1992 and received his Ph.D. in Elec-
tronic Engineering from the same insti-
tution in 1997. In 1995, he was a visiting
scholar with the Networks Group of the
University of Massachusetts, Ambherst.
In 2000, he was a visiting scholar with
the Networking Group at UCLA. He is
an Assistant Professor at the Diparti-
mento di Elettronica e Telecomunicazi-
oni of Politecnico di Torino. He has coauthored about 80 journal
and conference papers in the fields of networking and holds three
patents. His interests focus on performance evaluation of TCP/IP
networks and wireless communications. He is a member of IEEE.

Gianluca Mardente was born in Catanz-
aro, Italy, in 1976. He received his degree
in Electronic Engineering in 2001, and a
Ph.D in Telecommunications Engineer-
ing in 2005, both from Politecnico di
Torino (Italy). His research interests
include routing algorithms and QoS in
IP networks, and traffic measurement,
modelling and characterization. He cur-
rently works at Cisco Systems San Jose,
CA, and is involved in the design of
system performance analysis of next generation routers.

Marco Mellia was born in Torino, Italy,
in 1971. He received his degree in Elec-
tronic Engineering in 1997, and a Ph.D
in Telecommunications Engineering in
2001, both from Politecnico di Torino.
From March to October 1999 he was
with the CS department at Carnegie
Mellon University as visiting scholar.
Since April 2001, he is with Electronics
Department of Politecnico di Torino as
Assistant Professor. He participated in
the program committees of several conferences including IEEE
Infocom, IEEE Globecom and IEEE ICC. His research interests
are in the fields of All-Optical Networks, Traffic measurement
and modeling, QoS Routing algorithms. He is a member of
IEEE.



