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Given the Quality of Service (QoS) requirements and various traffic characteristics in mul-
tiservice networks, traffic management is critical to the success of network operations. In
general, traffic management is designed towards providing QoS guarantees as well as max-
imizing system utilization. In this dissertation we first analyze statistical multiplexing of
deterministically constrained traffic and design a conservative call admission scheme which
guarantees the QoS of established connections. In principle, flow control can improve sys-
tem utilization which otherwise might be low when fixed amounts of network resources
are reserved for the traffic with fluctuating requirements. We propose a novel explicit rate
flow control algorithm for Available Bit Rate (ABR) service subject to cell loss and fairness
constraints. We argue that the combination of conservative admission control and adaptive
ABR service can achieve an adequate system utilization and provide robust QoS guarantees.
Moreover, overall network efficiency can be further improved by careful route selections.
We also consider the routing in a Virtual Path (VP) network and pinpoint problems which
arise due to statistical multiplexing and traffic heterogeneity.
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Chapter 1

| ntroduction

This chapter provides an overview of problemsin managing integrated services networks as
well as a brief introduction to this dissertation. We begin with areview of the key features
of integrated services networks and the new design and management challenges that result
from heterogeneity in both traffic characteristics and service requirements. Subsequent
sections provide an overview of the chapters of the dissertation.

1.1 OnlIntegrated Network and Traffic Management

Traditionally there have been separate communication networks for carrying specific types
of traffic. For example, voice traffic was carried by public circuit-switched networks, while
datawas usually transmitted over packet-switched computer networks. However, due to the
significant advances in technology, including signal processing and computer engineering,
communication networks are evolving and merging in a very dramatic fashion. Recent
examples include Internet phone, and data service over CATV and satellite networks.

The deployment of optical fiber and high speed switching electronics have brought
greater bandwidths to both circuit-switched and packet-switched networks. With bit rates as
high as gigabit per second becoming available, it is reasonable to ask whether it is possible
to merge conventionally separated networks and provide a single infrastructure upon which
various current and future communication services can be efficiently supported. The moti-
vations for this are various, including the obvious desirability of sharing network resources,
thus avoiding unnecessary duplication of network infrastructure and improving flexibility.
The need for flexible networks is particularly important in light of the wide spectrum of
applications evolving in current computer networks with both heterogeneous traffic charac-
teristics and quality of service (QoS) requirements.

Asynchronous Transfer Mode (ATM) has been devel oped and promoted as the tech-
nology of choice to support Broadband Integrated Services Digita Networks (BISDN)
[51, 44, 14]. ATM is based on statistical multiplexing and switching of fixed size cells—
53-byte packets. The service is connection-oriented with cells transported on Virtual Chan-
nel Connections (VCCs). Most importantly, QoS such as delay or cell loss are defined
as part of the attributes which distinguish among various service types. Given such QoS
requirements and the diversity in traffic characteristics, traffic management is critical to en-



sure the success of network operations. In particular, the promise of ATM liesin providing
“managed bandwidth” in an efficient and predictable manner.

In general, the objective of network management is to provide QoS guarantees as
well as to maximize system utilization. With a careful management of traffic and resources,
the network can carry more connections while keeping its QoS commitments, or provide
better service without additional hardware. In the following we discuss three principal
components of network management.

e Admission control. Thisisthe mechanism by which the network determines whether
a connection request should be accepted, and is a basic tool for ensuring the QoS
guarantees.

e Routing. When a network considers accepting a new connection, it must account
for the impact the new connection might have on the rest of network. For example,
an appropriate route or path must be selected in order to avoid congestion when the
connection traverses the network.

e Flow and congestion controls. These are used to slow down a source’s transmission
S0 as to prevent network congestion, or speed up the transmission in order to take
advantage of the available capacity inside the networks.

These three control methods constitute a basis for traffic management. Admission
control ensures there are enough network resources to support the QoS of established con-
nections. Flow control can in principle improve system utilization which otherwise might
be low when fixed amounts of network resources are reserved for the traffic with fluctuating
requirements. Overall network efficiency is further improved by careful route selections.

In this dissertation we consider these management issues in the context of multiser-
vice networks. We begin by considering admission control for deterministically constrained
traffic in Chapter 2. Unlike telephone networks, call admission in an multiservice network
is not straightforward. A number of problems arise in performing admission control. For
example, the estimation of resource requirements for new connections requires information
such as the traffic characteristics and current system status, both of which are not readily
available.

To reduce management and signaling costs, Virtual Paths (V Ps) have been proposed
to alow for joint handling or bundling of connections in ATM networks. In Chapter 3 we
consider the routing in a VP network, and pinpoint problems which arise due to statistical
multiplexing and traffic heterogeneity. In Chapter 4 we propose an explicit rate flow control
algorithm for Available Bit Rate (ABR) service, which provides connections with dynam-
icaly varying capacities. We discuss the QoS issue for ABR service and identify the key
parameters which may affect performance. Finally we provide some design principles and
conclude in Chapter 5.



1.2 Chapter 2: Statistical Multiplexing of Deter ministically Con-
strained Traffic

The QoS (e.g., cell loss and delay) that a traffic flow experiences when it passes through
network links depends on several factors. Indeed, the cell rates, the link capacity, and
the buffer size, may all affect the resulting queuing delay and the amount of possible cell
loss. Because prior information about the traffic characteristics is essential for networks to
reserve an appropriate amount of resource and guarantee QoS, a “description” (or model)
of the traffic is needed.

One can model the traffic by a stochastic process, such as Gaussian process, or
Markov Modulated Poisson Process, see e.g.,[22, 35], and then analytically evaluate the
performance of the system. However, stochastic traffic descriptors are difficult to enforce
and/or verify. Moreover, the predicted performance is then sensitive to modeling errors and
vulnerable to mis-behaving users.

By contragt, traffic could be modeled using deterministic descriptors. Various re-
searchers have used deterministic traffic models for which the worst case traffic behavior
can be determined and bounds on delay and buffer requirements are established, see e.g.,
[13]. However, the analysis is usually limited to deterministic QoS such as worst case
end-to-end delay, because multiplexing of connections is typically not considered. In [34]
statistical performance is analyzed for deterministically constrained traffic, but the analysis
therein is based on a Gaussian approximation approach.

In Chapter 2 we consider a deterministic approach to modeling traffic, where the
maximum arrivals of each connection over any timeinterval t are bounded. Given such traf-
fic, we analyze statistical multiplexing in a buffered link and derive an upper bound on the
overflow probability by using the Large Deviations results. The upper bound is computed
based on the traffic descriptor as well as the link capacity and buffer size. The dependence
of multiplexing performance on system parameters is shown to have a significant impact on
performance and thus on admission control.

Given such deterministic descriptors, it is also reasonable to ask what would be the
worst case conforming traffic pattern which results in the worst overflow probability upon
being multiplexed in abuffered link. Although this questioniscritical, it isan open problem
and the solution is not yet available. Nevertheless, we present some observations about this
problem and discuss the characteristics of possible solutions.

1.3 Chapter 3. Virtual Paths—Resource Allocation and Rout-
ing

ATM technology is based on multiplexing and switching cells transported on virtual channel

connections (VCCs). Virtua path connections (VPCs) in turn allow for joint handling of

connections and, among other reasons, have been proposed to reduce the management costs.

The VP layer is likely to serve as an intermediate resource management layer, wherein

key resource alocation decisions are made on a somewhat slower time scale than typical
connection times. Indeed, one can use the VP layer to simplify call admission contral,



routing, and to segregate traffic based on QoS, traffic characteristics, or service classes.
In Chapter 3 we consider a variety of problems concerning the traffic management on VP
layered networks.

Due to statistical multiplexing, the bandwidth requirement of a connection on var-
ious resources across the network is not fixed. Indeed, it would depend on the interfering
traffic with which the connection is multiplexed. Motivated by thisfact, wefirst consider the
following problem. Given two traffic types with different quality of service requirements,
should one segregate such flows on their own VPs, or is it to the network’s advantage to
multiplex the flows on a single VP guaranteeing the most stringent QoS requirement? The
answer to this problem is not straightforward. One needs to assess the QoS requirement as
well as traffic characteristics and mix in order to chose the best policy.

Next we consider the problem of routing multiple traffic types with a pre-defined
traffic mix onto multiple VPs between a source destination pair. We show that it is not
advantageous to let each VP carry every traffic type. In fact, the optimum solution to this
problem, perhaps surprisingly, suggests that only a small number of traffic types, or even
homaogeneous traffic should be present on each VP,

These results show that it is critical to account for the statistical multiplexing and
traffic mix in making routing decisions and resource alocations. We propose a simple
routing algorithm which accounts for these factors and results in a much better blocking
probability than Least Loaded Routing—itself often claimed to be “optimal.”

1.4 Chapter 4. Explicit Rate Flow Control of ABR Traffic

The rationale for including ABR service, in ATM networks, is to provide an economical
and flexible way to carry datatraffic. From the service provider’s point of view, ABR traffic
promises to enhance utilization by directing sources to make the most of the network’s
available capacity subject to minimum cell rate and cell loss guarantees.

In Chapter 4 we propose a novel explicit rate flow control algorithm intended for
ABR service on an ATM network subject to loss and fairness constraints. The goal is to
guarantee low cell lossin order to avoid throughput collapse due to retransmission by higher
level protocols. The mechanism draws on measuring the current queue length, bandwidth
availability, as well as tracking the current number of active sessions contending for capac-
ity, to adjust an explicit bound on the source transmission rates.

We identify the factors that might affect the queue overflows, e.g., round trip delay
of sessions and a constraint on the aggregate bandwidth variability, and then propose simple
design rules aimed at achieving transmission with controlled lossin adynamic environment.
One might argue that the feedback control mechanism of ABR would be ineffective for
individual bursty sessions. To improve the system utilization, we also consider the role of
statistically multiplexing bursty ABR sources and show that this allows for an increase of
the acceptable number of concurrent sessions.



1.5 Chapter 5: Conclusions

In Chapter 5 we review the results that have been discussed in this dissertation. We review
our findings in the context of designing multiservice networks and discuss some directions

for the future research.



Chapter 2

Statistical M ultiplexing of
Deterministically Constrained Traffic

2.1 Introduction

In order to carry heterogeneous traffic on the same network and meet their Quality of Ser-
vice (QoS) requirements, several changes need to be made to current networks. Techniques
for traffic modeling, routing, Connection Admission Control (CAC) and scheduling are re-
quired and intensively being investigated. Because of the high speed of the network and
the stringent service requirements, it is difficult to keep the service commitments by flow
control. Hence CAC plays an important role in meeting the QoS guarantee.

The core of the CAC mechanism is based on the ahility to estimate performance,
such as overflow probability, given the information about the current link capacity, buffer
sizes, number of connections, and traffic characteristics. One approach to estimating perfor-
mance is to generate statistical models for traffic and then analytically evaluate the steady
state performance of the queue, see, e.g.,[22, 35]. Unfortunately, the enforcement of such
source models and the sensitivity of predicted performance to modeling errors are two con-
cerns. Even if traffic can be adequately modeled, the problem of actualy estimating the
performance of statistically multiplexed traffic streams is generaly difficult.

An aternative approach isto determine the worst case congestion behavior based on
aworst case traffic specification, see, e.g., [16, 15, 34, 38]. Given some traffic parameters,
such as mean rate and/or maximum cumulative arrivals within atimeinterval (0,t], atraffic
stream satisfying the constraints is said to be the worst behaving traffic when it causes
the “worst” performance upon being multiplexed. Thus, an upper bound on the overflow
probability or the worst case performance of the system can be computed by multiplexing
the associated worst behaving traffic streams.

In this chapter we refine the second approach, by further considering the time-scale
problem. We consider a set up where N streams are multiplexed at a buffered link and con-
sider the probability that the aggregated arrivals within a fixed time interval may overcome
the link’s potential capacity and further exceed the buffer capacity. The traffic is described
by atraffic constraint function e(t), and the cumulative arrivals of the traffic stream within
aninterval of length t, A(t,t+t], are bounded by e(t) uniformly in< [13, 52]. For off-line



traffic, e(t) can be found by computing the empirical envelope of the cumulative arrivals
from the traffic’s trace, while for real-time traffic, it can be enforced by atraffic policer at
the entrance to the network.

For example, the Generic Cell Rate Algorithm! for Usage Parameter Control (UPC)
in an ATM network is atypical deterministic traffic descriptor or policer [18] . The main
functionality of UPC isto ensure the conformance of every connection to its pre-negotiated
traffic characteristics, such that the QoS of sessions sharing the network will not be deteri-
orated by misbehaving traffic. The leaky bucket algorithm is usually considered one of the
simplest traffic policing agorithms.

In aleaky bucket algorithm, a counter representing the number of tokens is main-
tained for each connection. The counter value increases at a pre-defined rate p, i.e., the
token arrival rate, but its maximum value is clamped by the bucket size ¢. Each time a cell
departs from aleaky bucket, atoken is consumed and the counter decreases by 1. A cell can
not depart when the counter is 0. In principle, the leaky bucket can be viewed as regulating
the traffic to arate p, but allowing aburst of o cells. In addition, aleaky bucket is usually
coupled with a peak rate regulator to ensure that the cell rate is bounded when the counter
value is positive. For example, if atraffic stream is policed by a leaky bucket (o,p) and
peak rate regulator p, then A(t,t+t] < min[pt,pt + o].

This chapter is organized as follows. In §2.2 we discuss the deterministic traffic
descriptor which will be used in this chapter. An upper bound on the overflow probability
isderived in §2.3. In §2.4 the worst case traffic pattern is considered. Simulation results are
presented in §2.5 and followed by a summary.

2.2 Traffic Description

Let a(0,t], Vt € [0, T], denote the cumulative arrivals of a traffic stream with duration T,
e.g., avideo stream which is stored off-line. Note that this corresponds to a fixed sample
path of arrivals, i.e., stored data with a pre-defined transmission schedule. We define a
periodic extension of a(0,t] as&(0,t + nT] = a(0,t] + na(0, T],Vt € [0, T], n € N. With the
extended cumulative arrivals &(0,t], one can define an empirical envelope e(t) by

et) = max a(t, T+t (2.1

We will use e(t) as a deterministic traffic descriptor since it bounds the maximum arrivals
over any arbitrary interval of lengtht.

Suppose we randomize the “phase” © of the arrivals uniformly over [0, T]; then the
resulting periodically extended arrival process is a stationary and ergodic random process.
Let us define p = a(0,T]/T as the mean rate of arrivals for the off-line traffic stream. It
can be shown that E[&(©, ® +t]] = pt. We will show that the random variable &(©, 0 +t]
plays an important role in considering the performance of statistically multiplexing N such
e(t)-constrained streams.

In the case of real-time traffic, we shall assume a similar traffic description exists.
Suppose the arrival processis policed so that it isdeterministically constrained by aconcave

1Also referred to as the Virtual Scheduling or continuous-state L eaky Bucket algorithm.



function e(t), i.e., the cumulative arrivals A(t,t +t] over any interval of length t satisfy
A(t,t+t] < e(t). Thus, e(t) playsthe samerole as an empirical envelope for off-line traffic.
For example, if the traffic is policed by a leaky bucket with parameters (o,p) and a peak
rate regulator p, then the deterministic constraint on the traffic is e(t) = min[pt, pt + o].

An equivalent way to describe a deterministically constrained traffic flow is by
determining its impact on a buffer with a fixed service rate c, e.g., the maximum buffer
occupancy or burstiness curves b(c), see, e.g.,[36]. The traffic description b(c) corre-
sponds to the worst case buffer occupancy for a stream served at rate ¢. On one hand,
for a traffic stream with envelope e(t), its maximum buffer occupancy is given by b(c) =
sup;-ole(t) —ct]. On the other hand, given b(c), one can bound the traffic arrivals by
A(0,t] < ct + b(c), Vc. Since the choice of c is arbitrary, é(t) = infe>o[ct + b(c)] is an-
other envelope function for A(O,t]. It can be shown that &(t) > e(t) with equality when e(t)
is concave. In fact, é(t) is the smallest concave function which is greater than or equa to
e(t) foralt > 0.

From the definition of the empirical envelope e(t) in (2.1), we know it isincreasing
but not necessarily concave. However, aconcave e(t) resultsin nice structural properties as
shown in §2.3.3. Thus we will upper-bound e(t) with &(t) when e(t) is not concave. In the
sequel, we simply assume e(t) is concave.

2.3 On the Statistical Multiplexing

231 LargeDeviations Results

Suppose we are given N stationary i.i.d. traffic streams with arrivals A(0,t] which are
constrained by the same empirical envelope e(t). We assume that 1im_« @ = e, i.€, al
traffic streams constrained by e(t) have finite mean cell rates. Let p be the mean rate of
the streams A;(0,t], it follows that pe > [ Next we consider the overflow probability when
statistically multiplexing N such streams in a buffer of size Nb with capacity Nc. Let A
be the aggregated arrivals of N streams over an interval of lengtht, i.e., A = Ei’\‘:lAi (0,t],
where all A (0,t] arei.i.d. random variables. Using the large deviations resultsin [9, 7], we
know that for large N the probability that AN exceeds N(ct + b) at a particular time scale t
isgiven by P(AN > N(ct + b)) ~ exp[—NA; (ct + b)], where A (o) = sup, (6o — logM (8))
and M(0) = Eexp[0A(0,t]] = Eexp[0A(0,]].2

Since the traffic processes are stationary, the steady state queue length can bewritten
as QY = sup,.o[AN — Nct]. Thus the steady state overflow probability can be approximated

by [7]

P(QN > Nb) ~ supP(A' > N(ct + b)) ~ exp[-N inf A7 (ct +b)]. (2.2)
t>0

Note that such large deviations results can be improved by including the Bahadhur-Rao

leading term [39]. Intuitively (2.2) suggests that the overflow probability P(Q' > Nb)

essentially corresponds to the largest probability of A" exceeding N(ct + b) over any fixed

time interval t. A time scale t which achieves the inf in (2.2) is called an overflow time

2We drop the subscript i since the random variables A (0,t] arei.i.d.

8



scale, which is not necessarily unique. If the distribution of A(0,t] is known, M(8) can be
computed and P(AY > N(ct 4 b)) can be estimated. However, the distribution of A(0,t]
is usually unavailable, and the overflow time scale is unknown. Herein we assume only
knowing that A(O,t] is bounded by e(t) and E[A(0,t]] = pt.

2.3.2 Upper Bound on the Overflow Probability

Since the same peak e(t) and mean pt constraints can be satisfied by various distributions,
there may be multiple rate functions Af(a) associated with different conforming traffic
streams, which results in different estimation of the overflow probabilities. One approach
to overcome this difficulty is to determine the “worst” conforming distribution and obtain
an upper bound on the overflow probability.

Since the maximum mean rate which an e(t)-constrained traffic can achieve is
limg_o @ = e, We assume that L isequal to |4 in order to obtain the largest amount of traf-
fic alowed by e(t). In addition for afixed t, it can be proved that when A(O,t] is Bernoulli
distributed with peak e(t) and mean pt, this leads to the largest bound exp[—NA (ct + b)]
[24, 54, 38] over all distributions with the same peak and mean. Note that a stationary traffic
flow in conformance with e(t) would typically be unable to achieve a Bernoulli distributed
“margina” A(0,t]; this means that the bound would not be tight. However, the upper bound
computed from a Bernoulli distributed A(0,t] is still shown to be useful by simulations. In
§2.4 we will further discuss the relationship between e(t) and the resulting distribution of
A(O,t].

Given aBernoulli random variable with mean ut and peak e(t), the rate function is
given by [3][p.148]

ct+b pt

A7 (+D) =K (S oy

o)

y
otherwise.

Thus from (2.2), the steady state overflow probability is bounded by

P(Q > Nb) < expi-NinfK (G o]

2.3.3 Uniqueness of Overflow Time Scale

Next we investigate the characteristics of K(C‘(+ )b ‘(“) ) asafunction of t in order to compute
infeso K(%(T)b e‘(‘tt)) For an overflow to occur within atime scalet, itisclear that e(t) > ct+b
since otherwise K(-) — o, i.e., overflows are not going to occur. Given the concavity of
e(t), it can be shown that the region of interest istheinterval, [, tz] = {t e R| 0 < Cé(—T)b <1}.
In the following we show that K(%(T)b, e‘(‘tt)) has an unique minimizer t* in thisinterval. The
proof of the following lemmas can be found in §2.6.

Lemma2.3.1 For 0<y< x< 1, K(xYy) isstrictly convex in the pair (X,y).

Lemma23.2 Let x(t) = 22, y(t) = L and [ty,t;] be the interval where 0 < &2 <1,

(t) eft)
then A= {(A,y(t)) e RxR |t € [tg,t2], A > X(t)} is convex.
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Figure 2.1: Contour plot of K(-,-) and locus of (Xx,y).

Theorem 2.3.1 K(Cé(—’;)b, %) has a unique minimizer on the interval [t, to].

Proof: By Lemma2.3.1 and Lemma 2.3.2 it is clear that there exists a unique minimizer
of K(-,-) onthe set AN[0,1] x [0,1], see Fig.2.1. In addition, since K(-,-) isincreasing in
x for any fixed y, the minimizer lies on the boundary of A, i.e., the locus of (x(t),y(t)) for
te [t]_,tz]. [ |

We have shown that there is at* minimizing K(-,-) and maximizing the overflow
probability. For any traffic conforming to e(t), the overflow probability is thus upper-
bounded by

ct*+b pt

N ~ N _ - -
P(QN > Nb) Nijgp(/\ > N(ct +b)) < exp[—NK( o) ,e(t*))]. (2.3)

2.34 An Example: Leaky Bucket Constrained Traffic

Next we consider in detail the multiplexing of the traffic streams which are policed by leaky
buckets. Consider a stationary, ergodic, and leaky bucket policed traffic, with maximum
arrivals on interval (0,t] given by A(O,t] < e(t) = min[pt,pt 4+ o] and EA(O,t] < pt. By
applying (2.3), we can obtain an upper bound on the overflow probability. Our objective is
to find the minimum K* and minimizer (x*,y*) of K(-,-). The envelope e(t) and the contour
plot of K(-,-), aswell aswith the locus of (x(t) = %(T)b,y(t) = %) fort € [ty,tz] are shown
inFig.2.2.

In Fig.2.2, MNO is the locus of (x(t),y(t)) for t € [ti,t,], i.e., the set of possible
overflow time scales. Since K(-,-) isincreasing in x for any fixed y, it is clear that (X,y*)
would fall in NO instead of MN. It is worth noticing that the key parameters in Fig.2.2
affecting the overflow probability are the ratios of capacity to mean arrival rateg, buffer
Size to burstiness g and mean rate to peak rate % More insight can be obtained by varying
these parameters. For example, if g increases, the point L is moving to the right and K*
would increase. It leads to a smaller overflow probability, which is expected for less bursty
traffic streams. Similarly, if we increase g we will get larger K*, resulting in a smaller
overflow probability.

However, the changes as we adjust Bp aretrickier. Given points O, L on the contour
plot of K(-,-), it can be shown that K(-,-) is convex aong the line OL. Depending on the
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Figure 2.2: e(t) and locus of (x,y) on the contour plot of K(-,-).

position of N, (x*,y*) might be located at point N or somewhere between N and O. This
introduces an interesting threshold phenomenon. If we increase% from O, it does not affect
the K*(or the overflow probability) at first; after passing some point, (X,y*) is located at
N and K* starts to increase asBIO increases. Since we know that K(-,-) is strictly convex on
NO, the minimizer and minimum are both unigue and easy to compute.

2.3.5 Multiplexing Heterogeneous Traffic

When the N connections carried by a buffered link are not constrained by the same envelope
function, some modifications are needed in order to find an upper bound on the overflow
probability. Suppose there are two types of independent connections multiplexed on the
same link and they are constrained by envelope functions g (t) and e(t) respectively. Let

N f; and N fo be the numbers of connections for each type, where f; + fo = 1. For fixed t,

the exponent Af (o) from large deviations results is given by

N A () = Sup[NBo. — N1 logMs (8) — Nf2logMa(8)] = N sup[fa. — log(M .2 ()M2(6))],
0 0

where M1(6) and M3(6) are the Moment Generating Functions (MGF) of the cumula-

tive arrivals associated with different traffic types. Therefore, this problem can be trans-
formed into another one with N homogeneous connections by constructing a “ typical”
traffic type to represent the mix of different connections. The “typical” traffic will have
an envelope function ayix(t) associated with it, such that the resulting MGF of cumula-
tive arrivals Mpix(0) = lel(e) * M;(e). Unfortunately, an expression of gnix(t) in terms
of e(t) and ey(t) is not available at this point in time. An approximation is given by
emix(t) = fie1(t) + f2ex(t). However, this approximation can not guarantee staying on the
conservative side. That is, it may be quite optimistic.

2.4 In Search of the Worst Case Traffic

In §2.3.2 we used the MGF of a Bernoulli random variable to upper-bound the MGF
of Ai(O,t] in order to estimate the overflow probabilities based on the Chernoff’s bound.
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However, a stationary traffic conforming to e(t) would be unable to achieve a Bernoulli-
distributed A;(0,t]. Hence the upper bound on the overflow probability is not associated
with aworst traffic pattern, i.e., is not tight.

Let us consider the worst case e(t)-constrained traffic using fluid model for two
scenarios. bufferless and buffered links. In a bufferless link, the overflow occurs instanta-
neously whenever the aggregate cell rates exceed the link capacity. Hence to find a worst
case traffic, one only need to consider the MGF of the marginal cell arrival rates. For
e(t)-constrained traffic, the largest mean rate is lim_, @ = le and the largest peak rate
islim_o+ @ = pe.® Therefore, it can be shown that a traffic with cell rates alternating
between pe and 0 subject to the envelope constraint e(t) is aworst case traffic pattern for a
bufferless link.

For example, various researchers have shown by different approaches that aperiodic
On/Off traffic source is a worst case leaky bucket constrained traffic pattern, see Fig. 2.3. It
causes the worst overflow probability when large numbers of such streams are multiplexed
in a bufferless link, see e.g.,[38, 15, 54]. However, the worst case traffic pattern for a
buffered link is still an open problem. Simulation results and simple computations suggest
that the periodic On/Off traffic is in fact not the worst case traffic if buffering is alowed,
seeeg.,[15, 53].

Figure 2.3: A periodic On/Off traffic constrained by e(t) = min[pt, pt + o].

In abuffered link, an overflow occurs when the aggregate arrivals over some time
interval exceed the link’s potential capacity, which causes the queue length to grow and
eventually exceed the buffer size. Hence the MGF of cumulative arrivals A(0,t] are critical
in assessing the overflow probability. However, it is not clear how the distribution of A(O, t]
is affected by the envelope constraint e(t), which isto be satisfied by al time shifted A(O,t].

Consider stationary and ergodic arrivals processes A(0,t] which are constrained by
e(t) and have a mean rate . Suppose that the traffic is carried by alink with capacity Nc
and buffer size Nb. Asshown in §2.3.2, the overflow probability can be approximated by

P(QN > Nb) ~ supP(AY > N(ct + b)) ~ exp[—Ninf A (ct +b)].
t>0
Our objective is to find a traffic pattern which would lead to the smallest rate function
infi~oA{ (ct 4+ b), and in order to do so we resort to finding atraffic pattern which resultsin
the largest MGF, i.e., E[exp(6A;(0,t])].
Let a(0,t] be a sample path of A(0,t]. The MGF of A(O,t] is given by

T—x

1 rT
lim = / exp(6a(t, t +t])dt = Ejexp(A(0,1])] as.
T Jo

3For the e(t) of interest, both limits exist.
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To explore the nature of the worst case traffic patterns, we consider the following optimiza-
tion problem:

max < [T exp(fa t))d
Mise T Jo exp(ba(t,T+t])dt

st. O0<a(r,t+t]<et), Vr,t>0 (2.9)

Note that in doing so we are considering finite duration functions a(0, t] which are uniformly
constrained by e(t) for any T and t. It can be shown that the set of functions satisfying the
constraints constitute a convex feasible set. Since the objective is a convex functional, a
solution to this optimization problem will be an “extremal” point of the feasible set. How-
ever, the uniform constraints imposed by e(t) over all T and t result in a complicated set of
feasible arrivals functions. Nevertheless an exploration of the extremal functions within the
set provides some insight.

An example: leaky bucket constrained traffic. Next we consider the worst case leaky
bucket constrained traffic. To overcome the complexity of the feasible set resulting from
the constraints imposed by e(t), we will relate a sample path a(0,t] of cell arrivals to the
token status of the leaky bucket which polices a(0,t]. By doing so, we formulate (2.4) from
a different perspective and discuss the characteristics of possible solutions based on the
“extremal” property of the feasible set.

Let w(t) be the number of tokens in the leaky bucket at timet. Suppose no tokens
are lost, so the maximum mean cell rate p can be achieved. The cell process a(t,t +t] and
the token number w(t) can be related as follows:

a(t,t+t] =pt+w(t) —w(t+t),VT, t.

Now we consider the constraints on the number of tokens w(t). First, since the number of
tokens is non-negative and the bucket size is o, it follows that 0 < w(t) < o. Second, the
upper bound on w . (T) 4i.e, therate of increases of token number, is p, when no tokens are
consumed (or cell rate is zero). Similarly V\;+ (t) is lower-bounded by p — p when tokens
are consumed at rate p, i.e., the cell rateis p.

Therefore (2.4) can be written as:

mac 4 I3 exp(0(pt+ (w(r) ~w(x-+1)))dr
st. 0<w(rt) < VT >0

0?
p—p<W,(v) <p, vt > 0. (25)

A maximizer w*(t) is necessarily an “extremal” point of the convex feasible set of (2.5).
Let us say that atraffic is“on” when its cell rate is positive. Otherwiseit is said to be “ off”
when cell rateiszero. Since maximizers are extremal, aworst case leaky bucket constrained
traffic has the following properties:

1. cell rates are either p or p over an “on” period.

4Since w(t) is continuous, we assume that its right derivative exists for all .
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2. cell rates can not be equal to p exclusively over an “on” period.
3. cdll rates are unimodal over an “on” period.

Based on the aforementioned properties for the “extremal” traffic, we consider a
family of possible traffic patterns which we believe to be the candidate worst case traffic for
the buffered scenario. The traffic is periodic and has symmetric cell arrival rates over each
“on” state, see Fig. 2.4. This family of traffic patterns is parameterized by the length of
mean rate “burst” which surrounds the peak rate “burst” of Iengthﬁ over each “on” dtate.
It is clear that the duration of the “off” state is% in order to achieve maximum allowable
mean cell rate p. Note that a special case of T, = 0, i.e, no mean rate “burst”, isindeed a
periodic On/Off traffic shown in Fig. 2.3, which is aworst traffic pattern for the bufferless
case.

e

Figure 2.4: The proposed traffic pattern.

We will numerically compute the exponent Af (ct + b) associated with randomizing
the phases of these periodic arrivalsfor various Ty, t and then determine infr, 1~ Af (ct+b),
where t is the likely time scale for an overflow to occur. The parameters are as follows:
e(t) = min[120t, 80t + 400], ¢ = 100 and b = 160. Fig. 2.5 shows that infr, 1~ A{ (ct + b)
(i.e., thelowest point on the surface) isachieved att = 9.9, T, = 6.5. This plot suggests that
a periodic On/Off treffic (T, = 0) is far from being a worst traffic in a buffered scenario.
Because the conventional periodic On/Off traffic does not result in the worst cast overflow
probability upon being multiplexed, resource reservation based on multiplexing them may
not be able to guarantee the overflow probability requirement for the connections on a
buffered link.

2.5 Simulation Resultsand Summary

In order to verify the effectiveness in using the proposed upper bound on the overflow prob-
ability to perform CAC, we multiplex off-line video traffic streams in a single multiplexer
with afixed total capacity and buffer size. We obtain an envelope function e(t) by periodi-
cally extending the video traces. The overflow probability is then obtained from simulation
results and compared with the analytical upper bound given by exp[—NK(Cézti)b, %)], see
Fig.2.6.

AsshowninFig.2.6, the simulated overflow probability isindeed upper-bounded by
the one predicted by our analysis. Since the estimation of the overflow probability is likely
to be used for resource reservation and connection admission control, we also consider the

14



4.
3.8
536
"13.4
832 \\\Vlllll/////
5o s
00274
30 \\\\\\\\\\\\\\\\\\\\\\\‘\}}}“\\‘:..,,,',':jf,' il
\\\\ NS
2.6 \\\\ \\3‘\3“3““3“ = z,;,:::,::;;;?}:z:f:’;;;f;;:é;;;;:?;;'
\\\\ \“ = S
2.4/\ \‘\‘Q‘Q‘}‘\‘:‘:‘:“‘:“: == Z
0

20 10.5 10
Tm t

Figure 2.5: A{(ct + b) for varioust and T,

Overflow prob. 3.564e-02 | 1.403e-02 | 5.244e-03 | 1.858e-03 | 5.747e-04 | 9.329e-05 | 3.359e-05
No. smulated 59 57 55 53 51 49 47
No. predicted 50 46 42 40 38 32 30
No. pk-rate alocation | 15 15 15 15 15 15 15

Table 2.1: Comparison of admissible numbers of connections.

effectiveness of the proposed upper bound from this perspective. Given afixed link capacity
and buffer size, we compute the admissible numbers of streams predicted by our approach,
by a peak rate alocation scheme, and observed from simulation, see Table.2.1.

Our approach leads to a conservative number of admissible connections due to over-
estimation of the overflow probability. Thisis not unexpected, since our analysis gives an
upper bound on the overflow probability for any traffic conforming to the same envelope
and the video trace used in the simulation is not necessarily the worst case traffic. However,
without making any assumption on the traffic's statistics, the admissible number predicted
by our approach improves significantly over that made by a peak-rate alocation scheme.
For example, for an overflow probability 3.36- 1072, there is 100% improvement in the
admissible number of connections.

To make the upper-bound approach less conservative, one can combine it with on-
line measurement. By doing so, we can estimate the distribution of A(O,t] rather than
assuming it is Bernoulli. For example, when a multiplexer considers accepting a new con-
nection, the descriptors of its envelope function (e.g., leaky bucket parameters) can be sent
to the multiplexer. The multiplexer then uses the Bernoulli assumption for the new connec-
tions, while measurement data are used for the existing connections.

In a network carrying heterogeneous traffic, under-utilization because of overesti-
mation of overflow probabilities is an issue. However, the spare capacity could in principle
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. Simulated overflow probability(-) and its upper bound(*)
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Figure 2.6: Simulated overflow probability(with 95% confidence interval) and the upper
bound.

be used by Available Bit Rate traffic, whose cell rates can be controlled dynamically to
increase the network’s utilization. In Chapter 4 we will discuss the management of ABR
traffic. The advantage of our approach is that it uses only the deterministic traffic descrip-
tors which the network can enforce, rather than the traffic statistics. Hence it can lead to a
robust, simple connection admission control mechanism.

2.6 Appendix

2.6.1 Proof of Lemma2.3.1

Lemma2.3.1 For 0<y< x< 1, K(xy) isstrictly convex in the pair (X,y).
Proof: Consider A € (0,1),

KX+ (1= 2)%2, Ay1+ (1= A)y2)

M1+ (1-A)x

Ay1+ (1= MYz

— (M1 + (1=2A)x2)
— (W1 +(1-2N)y2)
M1+ (1-A)x

A1+ (1=20)y2

*[M1=x) +(1=2)(1-x)]log ;Ei:;i; :t 8:38:3

= (A1 +(1=2A)x2)log

+[1— (A + (1—A)x2)]log i

= (A1 +(1=2A)x2)log
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By Theorem 2.7.1(log sum inequality) [12][p.29],

KA1+ (1= A)xo,Ay1+ (1= A)yo)

< 7»X1|09;—§2+((1—7¥)X2)|09%
AM1—x) (1-M(1-%)
+ X(l—xl)logm + (1—k)(1—X2)|09m

= 7\.K(X1,y1) + (1— )\)K(Xz,yz).

The equality holds when % = % and =4 — 1222, or equivalently xi = y1. Therefore,

K(x,y) isstrictly convex in pair (x,y), for0<y<x< 1. |

2.6.2 Proof of Lemma 2.3.2

We will need the following two lemmas in order to prove Lemma 2.3.2.

!

¢ _jsdecreasingint.

Lemma2.6.1 If e(t) isdifferentiable everywherein [t;, to], AR

Proof: If e(t) is differentiable everywhere in [t,t,], it follows that e (t) > 0and €' (t) < 0
since e(t) is an increasing concave function. Thus €(t) isdecreasing int and (e(t) —te(t))

isincreasing int, We can conclude that e(tf_(ttg, © isdecreasing int. |

Lemma 2.6.2 If e(t) isnot differentiable at somet € [t;, t2], e(t)e+t(2 g < e(t)e*t(;,) T
e “d

Proof: If e(t) is not differentiable at t, then e, (t) < e_(t) because e(t) is a continuous,

concave function. Thislemma follows directly. [ |
Lemma 2.3.2 Let x = Cé(—jf y= e(Ltt) and [t1,t5] be the interval where 0 < Cé(—T)b < 1. Then

A={(Ay(t)) e RxR|tet,to], A >X(t)} isconvex.
Proof: Consider afunction f(y(t)) = x(t),t € [t1,t2]. Note that A is the epigraph epi(f) of
f. By Theorem[5.10] [49], the convexity of f corresponds to the convexity of epi(f).

If e(t) isdifferentiable everywherein [t;,t2], the derivative of f is

ax  cel)—(ct+b)e (1)

: c—p_t
X _ @ _— €W _ce(t) —(ct+bje(t) "~ et
=& = — = ~ = i
dy & ue(tlz(tl)té(t) u(e(t) —té(t)) M
By Lemma2.6.1, e isdecreasing int, so the derivative of f isincreasing.

e(t)—te (t)
If e(t) isnot differentiable at somet € [t;, 5], by Lemma2.6.2, we still could show

f,(x) > f_(x). This proves the convexity of f, and hence of A. [ |
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Chapter 3

Virtual Paths—Resource Allocation
and Routing

3.1 Introduction

Traditionally networks have been designed to carry specific types of traffic, e.g., the tele-
phone network for voice and computer networks, such as the Internet, for data traffic. Cur-
rent integrated-services networks aim to provide a single infrastructure upon which various
current and future communication services can be efficiently supported. The motivations
for this are various, including the obvious desirability of sharing network resources, thus
avoiding unnecessary duplication of network infrastructure and improving flexibility. The
need for flexible networks is particularly important in light of the wide spectrum of applica-
tions evolving in current computer networks with both heterogeneous traffic characteristics
and quality of service (QoS) requirements. Such diversity will be animportant feature in fu-
ture broadband networks so network design and management may have to carefully account
for it [45].

ATM has been designed to meet the possible needs of integrated broadband commu-
nication networks. Thistechnology isbased on multiplexing and switching cells transported
on virtual channel connections (VCCs). Virtual path connections (VPCs) allow for joint
handling of bundled VCCs and can serve as an effective way of reducing complex signaling
and management tasks in a core network. The VP layer isin fact likely to serve asan in-
termediate resource management layer, wherein key resource alocation decisions are made
on a somewhat slower time scale than typical connection times. Indeed, one can use the
VP layer to simplify call admission control, routing, and to segregate traffic based on QoS,
traffic characteristics, or service classes. This chapter addresses the question of whether or
not segregating heterogeneous traffic with different QoS requirements on separate VPs is
desirable. We shall see that traffic heterogeneity plays a critical role in multiplexing, and
careful allocation of traffic mixesis essential to achieving good performance.

Similar care is needed in making routing decisions in a heterogeneous environment.
There is much research and experience with routing policies in circuit-switched networks
but one might ask if these principles will extend to multiservice networks. In circuit-
switched networks, there exists a clear separation among connections, and the reserved
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resources for each connection are well defined from the start. Routing schemes selecting
the“least-loaded path” can be useful in single service networks because they tend to balance
the traffic load across the network and minimize the blocking probability [23]. However,
in a multiservice network, it has been suggested that a “most-loaded path” strategy might
be preferable in order to leave room on the “least-loaded path” for future connections with
high bandwidth reguirements [47]. Various other routing policies, such as trunk reserva-
tion, have been investigated, and these are likely to also play arole in integrated services
networks, see e.qg., [31].

In this chapter we consider theimpact that heterogeneity and statistical multiplexing
might have on the design and performance of simple routing decisions, such as selecting
among many VPCs that have aready been dimensioned. Although we assume capacity
has been partitioned among VPCs one would nevertheless hope that a moderate degree of
statistical multiplexing can be achieved by sharing the resources allocated to VPCs. One
difficulty in considering the role of statistical multiplexing in such systems is that the “ef-
fective bandwidth” required for each traffic stream may depend on the current load and
capacity of the system, see e.g., [47]. A simple example can illustrate this and show how
it might in turn impact routing policies. Consider a bufferless link shared by two types
of traffic whose cell arrival rates are for simplicity modeled by Gaussian random variables
with means my, m, and variances 0% o% respectively. Suppose thelink currently hasn, and
n, ongoing connections of each type. It can be shown that the capacity requirement isthen

roughly given by
C(n]_, n2) = (nlml + n2m2) + k\/ (n]_O% + nzO%),

where k is an overall QoS parameter related to alink overflow probability. The bandwidth
required for an additional connection of Type 1 can be approximated by*
ac 1

— XM+

1
o~ 5 k 0% (N0 + o) 2. (3.1)

Note that the marginal bandwidth needed for an additional connection depends on traffic
characteristics, mix, and load. For example, given the mean mand the variance o of acon-
nection’s cell arrival rate, the key factor determining the marginal bandwidth requirement is
the variance of the aggregate traffic o2 +n,o3 currently on thelinksit traverses. Based on
this example we conclude that, it may be “cheaper” (consuming less additional bandwidth)
to route a new connection through alink whose current aggregate variance is large. In turn
by selecting routes with minimum marginal bandwidth requirements one might make more
resources available to incoming connections or other types of services.

This argument isin sharp contrast to typical routing policies that try to balance the
loads on the network. Indeed a naive interpretation of (3.1) suggests that we might want
to generate imbalances on various routes because they may result in reduced resource re-
guirements, and are thus more “economical.” In the usua circuit-switched environment,
the bandwidth requirement for each traffic stream is fixed and independent of other traffic

1This approximation is based on the derivative of c(ny,n,) with respect to a continuous variable ny. It can
be shown to be accurate when the aggregate variance is high.
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currently sharing the links. By contrast, in packet-switched networks statistical multiplex-
ing and the traffic mix on the link will affect the bandwidth requirements and thus judicious
routing of connections may improve the system performance.

Suppose there are multiple traffic types carried on the same link. In this case, vary-
ing bandwidth requirements complicate admission decisions since the traffic mix in the
system needs to be considered upon admitting new connections. Indeed such heterogene-
ity results in an admissible region with a nonlinear boundary. To simplify call admission,
one can approximate the admissible region’s boundary by a hyper-plane. By doing so, we
linearly approximate the boundary and approximate the bandwidth requirement (per con-
nection) of each type by a constant independent of the traffic mix. These constants are
called the “effective bandwidth” for each traffic type, and are often proposed as a means
to simplify call admission control. In [6], an argument is made that the boundaries may be
linearized without any significant reduction in the potential “revenue” subject to the traffic
loads. In fact, unless such linearizations are done carefully, i.e., paying attention to the
traffic loads and routing policies to be used, they can result in aloss of revenue.

Indeed, routing in multiservice networks also introduces new challenges. On one
hand, atraffic type may have different “ effective bandwidth” associated with it on different
links because of different linear approximations. Routing decisions may need to account for
these differences in “effective bandwidth” in order to improve overal resource efficiency.
On the other hand, the linearization of each link’s admissible region may need to consider its
impact on routing. Hence it may not be straightforward to extend the current “know how”
on routing policiesin circuit-switched networks to multiservice networks. In this chapter we
shall show that routing decisions which account for the impact of statistical multiplexing,
and the relative loads of various traffic types can significantly improve performance.

The balance of this chapter is organized as follows: In §3.2 we discuss the role of
statistical multiplexing and nonlinear call admission regions associated with heterogeneous
traffic. The problem of VP partitioning is analyzed in §3.3. Routing issues are discussed in
§3.4 and are followed by simulations and summary.

3.2 Traffic Mix and Admissible Region

3.21 Characteristicsof the Admissible Region

In general to assess the exact admissible numbers of connections on a given link, one would
have to resort to either ssimulation or a significant amount of computation. In this chapter
we will resort to a popular (conservative) approximation based on the Chernoff’s bound in
the context of bufferless multiplexing. Most of the ideas herein follow from the qualitative
characteristics of the admissible region which are captured by this bound, see e.g., [32, 25].
Suppose N i.i.d. traffic streams are carried on a bufferless link, and each stream has a
stationary cell arrival rate A,i € {1,...,N}. Assume that the link capacity is ¢ and we
require that the aggregate arrival rate to the link exceeds the capacity only rarely—with a
probability no larger than 8. Based on the Chernoff’s bound [3], the overflow probability is
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upper-bounded by

N
P(3 A > c) < exp(— sup[cd— NA(6))), (32)
i=1 6>0
where A(6) = log(E[exp(6A))]) isthe logarithm of the moment generating function of A.
One can generalize the result to multiple traffic types and analyze statistical multi-
plexing with heterogeneous traffic. Let

||M_3.

be the aggregate arrivals, where A;; are independent random variables denoting the cell
arrival rate of i th traffic flow of Type j, and Aj(6) = log(E[exp(6A;;)]). In this case the
Chernoff’s bound and the overflow constraint give the following requirement:

J
logPP(A > c) < —sup[c 2 < logs. (3.3
0>0 j=1

We shall define the admissible region A(c) for a bufferless link with capacity c as the
collection of vectorsn = (ny,...,ny) > 0 which satisfy (3.3), i.e,

J
Ac) = {nln >0 and Y o(6)n; - Iogﬁ < ¢, for some 6" > 0}, (34)
j=1

where aj(6*) = % and 6* depends on the chosen n and is the argument which achieves

the sup in (3.3) for a given n? Note that the 6* is an implicit function of n. Hence the
bandwidth requirement (per connection) for each traffic type is affected by the traffic mix.

It has been shown in [26] that the complement of the admissible set in Rl isaconvex
region. It was suggested in [32, 25] that alinear approximation could thus be used to conser-
vatively represent the boundary of the admissible region. However, alinear approximation
of the admissible region boundary is not always accurate, and may affect performance.

The nonlinearity in the admissible region is caled the diversity cost of the system
and was quantified in [46]. It was pointed out in [16] that the total alocated bandwidth for
asingle type of aggregate traffic needs to exceed acritical value in order to make the traffic
“statistically-multiplexable” Thus a minimum capacity is required to see the “economies
of scale” Theresultsin [16] aso showed that combining “statistically-multiplexable” and
“nonstatistically-multiplexable” traffic will create a nonlinear admissible region which can
not be effectively approximated by alinear hyper-plane.

For example, let us consider the admissible region of traffic with Bernoulli cell
arrival rate. The peak rate and mean rate are assumed to be g and m; respectively, i.e.,
Aj(8) =log[1+ %’ (e%Pi —1)]. For simplicity let us consider the case with two traffic types,
i.e, J=2. InFig. 3.1 we plot the admissible region for a bufferless link with capacity 25
and two linear approximations. The two traffic types are On/Off with peak rates 1 and

2|n the cases of interest, here 6* isfinite.
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0.5 as well as mean-to-pesk ratios 10% and 90% respectively, and = 10°°. Fig. 3.1
shows that the admissible region’s boundary is convex and that linear approximations can
be very inaccurate, suggesting that the effective bandwidth of each type is indeed state-
dependent and sensitive to the traffic mix. In Fig. 3.2 we exhibit the admissible region when
the capacity is increased 4 times. As shown in the figure, as the link capacity increases,
the admissible region appears to become more “linear” Such changes are due to better
multiplexing alowed by the higher link capacity.
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Figure 3.1: An admissible region and its Figure 3.2: Another admissible region.

linear approximations.

Next we consider the admissible regions A (c) for various qualities of service § =
103,107% and 10~° in Fig. 3.3. The figure shows that, as the & decreases, the region
not only becomes smaller, but its boundary also becomes more “nonlinear.” In fact, the
increased “nonlinearity” is caused by less “efficient” multiplexing when the overflow prob-
ability requirement becomes more stringent. Note that Type 2 traffic is “nonstatistically-
multiplexable” in this set-up [16], so the maximum admissible number of Type 2 traffic
stays at 50. By contrast, Type 1 is “statistically-multiplexable”, so its maximum admissible
number changes as 6 varies. Aswith the link capacity, the QoS requirement § also affects
the the nonlinear characteristics of the admissible region’s boundaries.

We can conclude that the traffic mix indeed plays a role in the effectiveness of
statistical multiplexing, even though its impact might be neglected when the number of
connections, i.e., system capacity, becomes large or the QoS is relaxed. When carrying
multiple traffic types in segregated V Ps, where the bandwidth and number of connections
are both moderate, the admissible region may indeed be nonlinear due to the diversity in
burstiness and insufficient statistical multiplexing. In such cases the traffic composition in
the VPswill be an important factor in dimensioning their capacities.

3.2.2 Linearization of the Admissible Region

To simplify cal admission, it may be advantageous to linearize the admissible region. A
linearization of A (c) can be done by fixing an operating point n* on the boundary and using
the tangent hyper-plane to the admissible region’s boundary at r as alinear approximation
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Figure 3.3: Admissible regions for various 9.

to the boundary, see Fig. 3.4. Therefore, 6* in (3.4) will be determined by n* and (3.4) can

Figure 3.4: Linearization of the admissible region’s boundary.

be rewritten as
J
Av(c)=4¢nn>0and Y ajnj<cy, (3.5)
=1

where o = aj(6%) is the “effective bandwidth” of Type j traffic and ¢ = c+ 29 jsthe
link’s “ effective capacity” with respect to 6* (i.e., alinearization at n*.) Given such alin-
earization, the relative bandwidth requirements of each traffic type become fixed, resulting
in alinearly constrained region and making call admission straightforward.

Note that it is essential to select the operating point n* carefully. The selection
may become more critical when the number of traffic types increases, which makes the
admissible region more “nonlinear.” As shown in (3.4), the effective bandwidth o of each
traffic type depends on n*. Thus in principle we could exploit this dependence so as to
change the relative resource requirements of each traffic type to the advantage of network.
Note that a desirable operating point n* is mainly determined by the offered loads from
different traffic types which can be controlled through routing decisions. We will show in

23



§3.4 that careful selection of operating points could result in a better statistical multiplexing,
hence reduces the total bandwidth requirements in the network.

3.3 VP Integration

We consider the problem of carrying multiple traffic types on VPs. It is generally believed
that one should segregate traffic with different QoS requirements on their own VPs, see
e.d., [23]. Theintuition is that if we multiplex traffic with different QoS requirements on
the same VP, then the overall QoS for the VP will be the most stringent QoS requirement.
By providing a QoS that is more stringent than necessary to some traffic streams, we waste
network resources. However, due to the nature of statistical multiplexing, it may till be
more “economical” to put al traffic on the same VP. Careful alocation of VPsis essential
to achieving high efficiency. In the following we use an example of two traffic types to
illustrate the roles of statistical multiplexing and traffic mix.

3.3.1 Integration or Segregation?

Suppose there are N total connections which consist of afraction f of Type 1 flowsand a
fraction f, of Type 2 flows, where f; + f, = 1.2 In order to get a qualitative understanding,
we shall first resort to Gaussian traffic models for which an explicit expression for band-
width requirements exists and then consider the popular On/Off traffic model. The cell
arrival rates of each traffic type are modeled by Gaussian random variables with mean and
variance (my, %), (mp, 03) respectively. We assume that the two traffic types are carried by
a bufferless link and require cell loss ratios of 10°6 and 10~2 respectively. The goal is to
decide whether to partition alink into two segregated V Ps, or form asingle shared VP. If we
aggregate the flows on a single VP, then the loss ratio requirement is 10, Otherwise we
can have different QoS on separate VPs. Forming asingle VP and providing a better QoSto
Type 2 traffic is not necessarily a bad idea, since multiplexing may be more efficient when
al flows are on the same VP. To understand this question, we need to assess the bandwidth
requirements for the two options.
Thetotal required capacities for these two cases are:

Ck = N( fimy + f2m2) + kl\/N\/ fl(ji + fz()'% (36)

C = N( fimy + f2m2) + \/N[kl\/fl(j% + kz\/fz()'%] , (37)

where k; and k; are the QoS parameters. For the Gaussian model, the tail distribution can
be captured by the deviations from mean, and k, k» correspond to the multiples of standard
deviation [41]. The bandwidth requirements of a single shared VP and segregated VPs are
shown in (3.6) and (3.7) respectively. Without loss of generality, we assume l§ > kp. For
the aforementioned QOS, k; and k; are 4.7534 and 3.0902 respectively. We are interested
in a condition making ¢; < ¢, so it is advantageous to form a single VP and give Type 2

3For simplicity we assume fy, f» are real numbers even though they should be restricted to multiples of %
such that Nf1, N fo are integers.
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traffic a better QoS, rather than setting up two VPs. In other words, the benefit of statistical
multiplexing outweighs the loss in over-provisioning for a better QoS.

Surprisingly, the condition depends only on % and f1, where N plays no role. In-
deed for ¢; < ¢, we need that

oy 12 eI i 2 kl\/fl(g—;)ul— f,

which can be rewritten as

o1 K- [1-f

oy — 2kiko f1

(3.9)

Henceto answer the question of whether to integrate two types of traffic on the same VP, one
needs to assess if the ratio of their standard deviations exceeds a threshold which depends
on their QoS requirements and the traffic mix.

Figure 3.5: Traffic mix vs. % .

In Fig. 3.5 we plot the threshold on g—; i.e., the right side of (3.8), as a function of
the traffic mix f; with the aforementioned k; and k,. The threshold defines the integration
and segregation regions. For example, for g—; = 0.6, we should form a single VP when the
fraction of Type 1 traffic exceeds 0.35. Otherwise, it is more efficient to have two VPswith
different QoS.

Based on the regions shown in Fig. 3.5 it is clear that when f; is small, the ratio
of g—; needs to be large in order to make integration beneficial. An interpretation for this
might be that we waste a larger amount of bandwidth in bringing a better QoS to Type 2
traffic (i.e., integration) when f; is small. Thus only when Type 1 traffic is “bursty”, i.e.,
has high variance, can the benefit of better multiplexing outweigh the waste of bandwidth.
Therefore, the threshold on g—; should be larger when f; is small, as shown in Fig. 3.5. By
contrast when fy is large, the Type 2 traffic becomes less significant, so the threshold on
g—; becomes less stringent, i.e., integration is desirable. The trade-offs of integration are
captured by the curvein Fig. 3.5.

Note that % serves asascaling factor for thethe curvein Fig. 3.5. If kg and k, are
close, then the threshold on ! for integration becomes small, which increases the integra-
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tion region. That is, oneisindeed likely to integrate traffic with similar QoS requirements
when minimizing the bandwidth reservation.

One can look at the problem of whether to integrate or segregate from a different
perspective. Suppose iy and n, are the numbers of Typel and Type 2 connections carried
by the system. Inequality (3.8) can then be written as:

nmo? _ [k —k31?
nzﬁg | 2kiko )

In Fig. 3.6, we plot the integration and segregation regions with respect to n and n, with
aforementioned kg, ko and % = 0.6. Thefigure clearly indicates that the ratio of i, and ny,
rather than their magnitudes, determines the decision.

100
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60F
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20
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Figure 3.6: Integration and segregation regions.

Next we consider On/Off traffic models. For such models, it is difficult to derive a
simple criterion such as (3.8) to determine whether to segregate or integrate heterogeneous
traffic. The complexity is mainly due to the lack of a closed-form expression for the band-
width requirement. Nevertheless we can show the trade-offs of integration numerically. In
Fig. 3.7 we plot the difference in bandwidth requirements between integrating and segre-
gating two types of On/Off traffic. The z-axis represents the difference, and a positive value
means that segregation requires more bandwidth than integration. Fig. 3.8 indicates where
integration or segregation are desirable.

The two types of On/Off traffic have mean rates 0.5 and 0.15 as well as peak rates
0.9 and 0.8. In addition, the overflow probability requirements are 10-° and 10~ for Type
1 and Type 2 respectively. Asshown in the figure, there exists integration and segregation
regions which are dependent on the traffic mix (n, n2). Asin the Gaussian case, the traffic
mix determines whether it is advantageous to integrate two traffic types. An interesting
observation is the small “plateau” region around (np = 0,n; = 0) in Fig. 3.7. Thisis
because the number of connections is too small to achieve any statistical multiplexing,
and the bandwidth reservation is done based on peak-rate allocation. Hence it makes no
difference whether the two traffic types are integrated or segregated. Note that for Gaussian
traffic, there is no such a threshold in the number of connections for achieving statistical
multiplexing.

26



~Z
i
i
777 7 lrsrge
L B8,
S
T
A
Vi
10\ it

%7
5552
4775
i

"Wisirisies

100

(Cceeceeceeececeeeccecceceeereect

Type 2 00 Type 1

Figure 3.7: The difference in bandwidth Figure 3.8: Integration and segregation
requirements. regions.

As with the example of Gaussian traffic, the desirability of VP partitioning for
On/Off traffic depends on the traffic mix and traffic characteristics, see Fig. 3.8. These
results show that the dimensioning of VP bandwidth is not straightforward and accounting
for the efficiency of multiplexing is essential in order to minimize the bandwidth reserva-
tion. For cases with more than two traffic types, these observations still hold, but a simple
criterion for the best bandwidth partitioning is unlikely because of the increased complex-
ity. Nevertheless optimum VP partitioning of multiple traffic types could be determined
numerically or by simulation.

3.3.2 TheBenefit of VP Integration

We have shown that it may be more efficient to carry traffic streams with different QoS
requirements on the same VP, even though the VP is provisioned for the most stringent
QoS requirement. Next we guantify the bandwidth savings as a function of the model’'s
parameters using the Gaussian traffic example— thisis given by

AC = Cc—C

- oot \fu@r- fu @it ) +evith] @9

2

Note that although the number of connections N does not play arole in the condition (3.8)
determining whether it is beneficial to form asingle VP, the bandwidth savings Ac grows as
v/N as the number of connections increases.

Let us call Ac divided by N(fimy + famp) the normalized bandwidth savings. It
should be clear that the normalized bandwidth savings are proportional toTlﬁ, i.e., they
become smaller as N increases. Thisresult isnot unexpected due to the increased efficiency
of statistical multiplexing. Indeed when N is large, the effective bandwidth of each traffic
stream decreases and approaches its mean rate, so the bandwidth utilization of both the
integration and segregation schemes improve. Hence the (normalized) difference between
(3.6) and (3.7) becomes smaller as N increases. However, the absolute magnitude of Ac
still increases as N becomes large, and since the number of connections on a VP may be
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moderate, statistical multiplexing gains may not effectively eliminate the impact of the
traffic mix and heterogeneous QoS requirements. Thus a careful partitioning of VPs can
lead to improvements in performance that perhaps should not be ignored.

3.4 Routing and Traffic Mix

We have shown that it may be more efficient to carry multiple traffic types on the same VP.
With efficient multiplexing, one can minimizethetotal reserved bandwidth and in turn allow
more connections to enter the system. However, using multiple VPs may be preferable (or
necessary) in some circumstances. For example, one might choose to use multiple VPs
through different links to increase reliability or due to capacity constraints. By doing so,
we ensure that if a VP fails, the traffic can be quickly rerouted to other resources and the
performance degrades smoothly. Given such regquirements, one needs to determine how to
route the heterogeneous traffic efficiently through multiple VPs. We will show that routing
policies that account for statistical multiplexing characteristics have a significant impact
on performance. For simplicity we shall assume that al VPs provide the same aggregate
QoS, which are equal to or better than those requested by each traffic type. As shown in
§3.3.1, integrating traffic and providing a better QoS on VPs could be advantageous. We
first consider the impact of nonlinear admissible region’s boundaries by using an example
of two traffic types and two VPs. Then we consider a more general set up with linearized
admissible region’s boundaries on each VP,

3.4.1 Routing of Permanent VCs

Suppose there are two VPs between a given origin-destination pair, see Fig. 3.9. We first
consider asimple static network flow problem for partitioning heterogeneous connections
onto the VPs, geared at achieving good multiplexing. This problem is indeed an abstrac-
tion of routing permanent VCs on a VP network, where the goal is to minimize the total
bandwidth reservation in order to maximize free capacity in the network. For simplicity,
we again focus on routing two traffic (VC) types modeled by Gaussian distributions, but the
solutions are based on general traffic characteristics leading to nonlinear admissible regions.

}M

Figure 3.9: Two VPsand two traffic types.

Consider two VPs with bandwidth ¢, ¢, and two types of Gaussian traffic streams
asin §3.3.1. Assume there are iy Type 1 and n, Type 2 streams, and both have the same
overflow probability requirement. We will consider two problems: first, whether this load
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is admissible, and second how to partition (or routé') these connections onto the two VPs
in order to minimize the total bandwidth reserved on the two VPs. Note that the remaining
bandwidth can be used to admit other traffic or carry best-effort traffic, so it is advantageous
to minimize the bandwidth reservation.

Suppose afractior® a of Type 1 and afraction b of Type 2 traffic are sent to VP 1
and the remaining traffic is sent to VP 2, then the bandwidth requirements r;, r» on each VP
must satisfy the following inequalities:

C1 > r1=mam +nbm, +Kky/njac? + nbo? (3.10)

C2 > rp=np(l—a)my+np(l—b)m,+Kky/n(l-a)o? +ny(1-bjo3, (311)

where k is the QoS parameter. The admissibility constraints (3.10) and (3.11) ensure that
the bandwidth requirements subject to a pre-defined QoS do not exceed the capacities of
the VPs. Let Vi = mao? + npbo and Vo = ny(1— a)o? + np(1 — b)o? be the variances
of aggregate traffic on VP 1 and VP 2. The total capacity requirement is then given by
ry+rz = ngmy +namp +k(vV1 ++/NV2). Anoptimum partitioning policy isapair of (a, b*)
such that (3.10) and (3.11) are satisfied, and (v/V1 + +/V2) is minimized (or equivalently
r1+rp isminimized).

Note that V = V; +V; = n;02 + np03 is a constant representing the total variance
of the aggregate traffic. We can represent \4,V, asfractionsof V, e.g., Vi = aV, Vo= (1—
a)V,a € [0,1]. Since the contribution of m; and mp to ry +r7 isfixed, the total bandwidth
requirement is determined by the variance W, V, on each VP. Hence determining (a*, b*)
is equivalent to picking V4,V» or alternatively o such that F(a) = vaV ++/(1—a)V is
minimized. Since F(a) is concave and symmetric, see Fig. 3.10, F () is minimized when
a=1ora=0,i.e, send al traffic to one VP or the other.

However, with the admissibility constraints (3.10) and (3.11), sending all traffic to
the same VP may not be possible if ¢; or ¢, are not big enough. Nevertheless, to minimize
F(a), it is essential to keep o close to 1 or 0. In other words, a partitioning policy should
distribute the total variance V in an unbalanced fashion so as to improve the efficiency of
multiplexing.

/7 N\

Figure 3.10: F(a).

4The terms routing and partitioning are used interchangeably in this discussion.
SFor simplicity we assume a and b are real numbers, even though they should be restricted to the multiples
of n—11 and n—lz such that nja and nyb are integers.
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Joint admissibility. We have shown in §3.2 that a nonlinear admissible region can be
obtained from the link’s bandwidth and traffic statistics. In Fig. 3.11, we represent the
joint admissible regions for the two VPs: VP 1 on the first quadrant and VP 2 on the third
quadrant. A point S= (s1,S) in the first quadrant represents a scenario where § Type 1
and s, Type 2 streams are carried in VP 1. Similarly a point T = (—t, —t) in the third
quadrant represents t; Type 1 and t, Type 2 streamsin VP 2. A line segment ST connected
by two points in the two quadrants represents the scenario where § +t; Type 1 streams and
S, +1p Type 2 streams are jointly carried by the two VPs. In addition, afeasible ST isaline
segment with end points Sand T which are located on the admissible regions of VP 1 and
VP 2 respectively.

Figure 3.11: Thejoint admissible region.

Suppose . = Nf; and n, = Nf,, where f; + f, = 1. To determine whether (ng,ny)
are jointly admissible, i.e., can be carried by two VPs subject to the QoS requirements, one

needs to find points Sand T such that]t—i = Z—ig and the length of ST isequal to/n2 +n3.

In fact, every feasible ST with sIope]t—i is associated with a partitioning policy for traffic
with amix f1, f,. There exists such an ST (may not be unique) having the largest length
K*. If K* > ,/n2+nZ, then (ny,ny) are jointly admissible. Note that K* depends on fi, f,
and, of course, the admissible regions of the two VPs.

Lemma 3.4.1 Wth (strictly) convex admissible region’s boundaries, in order to accommo-
date a maximum number of connections with a given mix f;, f», a (unique) allocation exists
such that one of the two VPs carries homogeneous traffic, and the other VP carries the
remaining traffic.

The intuition behind this lemmais as follows. Since the admission region’s boundaries are
convex, the longest ST with slope]f—i will contain at least one of the four intercept points
of the admissible region’s boundaries with the coordinate axis, as shown in Fig. 3.12. That
is, one VP, which is determined by the slope of ST (i.e., the traffic mix), will carry asingle
type of traffic, and K* can be determined accordingly. See §3.7 for a proof.

Fig. 3.12 shows that it is essentia to partition the traffic carefully on each VP in
order to accommodate a maximum number of traffic streams. For example, if the relative
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traffic mixes are kept identical on each VP (i.e., ST passes the origin), then the length of ST
will be much shorter than its optimum value, and a smaller number of traffic streams can be
admitted.

Figure 3.12: Examples of ST with maximum length.

Minimizing reserved bandwidth. Suppose {/n2 4+ n3 < K*, so the heterogeneous traffic
with combined number of connections (n,ny) are jointly admissible. Now we consider
the problem of partitioning them onto two VPs in order to minimize the total reserved
bandwidth. For the Gaussian traffic model, we have shown that one needs to distribute the
variance V onto the two VPs in an unbalanced fashion in order to minimize the reserved
bandwidth. We expect general traffic will have similar characteristics. Assume g > Cy,
then one needs to determine the location of ST~ which will maximize V; subject to two
congtraints: iy = s+t and np =S +tp. SinceVy = siof +sgo§, it is clear that the end
point Sof ST~ will be on the admissible region boundary of VP 1 in order to make \4 large.

Lemma 3.4.2 To minimize the bandwidth reservation for the Gaussian traffic model, one
would fill the VP of larger bandwidth, and leave idle bandwidth, if any, on the smaller VP.
Moreover, one of the following two scenario occurs: (1) thelarger VP carries all the traffic,
or (2) one of the VPs carries homogeneous traffic.

Fig. 3.13 shows examples of ST~ with different slopes % Note that Sis on the
admissible region’s boundary, and either Sor T islocated on the coordinate axis. See §3.7
for detailed proof.

Lemma 3.4.2 suggests that traffic streams are packed into the larger VP, leaving
the smaller VP partially occupied. The traffic fractions f,, f, affect how traffic streams are
packed onto VPs, i.e., the location of ﬁ*, in order to minimize reserved bandwidth.

3.4.2 Routing and Linearization of Admissible Region

In §3.2.2 we discussed how aconvex admissible region’s boundary can be approximated by
atangent hyper-plane at a given point rn* on the boundary. Such alinearization resultsin a
notion of “effective bandwidth” for each traffic type. Here we discuss the impact that such
linearizations might have on the routing policy.
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Figure 3.13: Examples of optimum ST locations.

Suppose the capacities of VP 1 and VP 2 are ¢, ¢, and ¢; > C. Let s} and s; bethe
maximum admissible number of homogeneous Type 1 and Type 2 connections which can
be carried by VP 1 based on its linearized admissible region. Similarly let § and t5 be the
admissible number of the two traffic types on VP 2. The slopes of two linear admissible
region’s boundaries are given by —% and —% respectively.

Without loss of generality, we consider the following two cases: (1)% = % and (2)

*

%: < % Note that the scenario of % > % is equivalent to Case (2) since the designations of
Type 1 and Type 2 are interchangeable.

Casel: Two admissible region’s boundaries are parallel, see Fig. 3.14.

Figure 3.14: Parallel boundaries.

Let us now consider the maximum number of heterogeneous connections which can
be carried by the two VPs with fractions f; and f, of each type. Asshown in Fig. 3.14,
it is clear that for any feasible ST with slope%, every ST with Sand T on the boundaries
will have the same length of K* since the two boundaries are paralel. In other words, the
maximum number of permanent VCs can be admitted onto the VPs by multiple ST. By
contrast to Lemma 3.4.1, neither VP has to carry homogeneous traffic in order to admit the

maximum number of connections.
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Case2: Inthiscase, the boundaries of admissible regions are no longer paralel, see Fig.
3.15.

Figure 3.15: Non-parallel boundaries.

Indeed the “distance” between the two boundaries is monotonically increasing (or
decreasing) along the boundaries. Based on Fig. 3.15, it is clear that for any feasible ST
with slope I—i the maximal alocation ST will have Sor T at points A; and/or A,. Asa
result, in order to carry the maximum number of heterogeneous connections with fractions
f1 and f,, either one (or both) of the following two scenarios is possible:

1. VP 1 carries homogeneous Type 1 traffic and VP 2 carries the remaining traffic (ST
passes point Ay);

2. VP 2 carries homogeneous Type 2 traffic and VP 1 carries the remaining traffic (ST-
passes point Ay).

Thus there exists a fixed preferable assignment of traffic typesto VPs, i.e., Type 1 traffic is
mainly carried by VP 1 and Type 2 trafficis mainly carried by VP 2.

Notethat such a“preference” isdueto the difference m% and % which resultsfrom
the linearizations of admissible regions. Therefore, different linearizations of admissible
regions may result in different first choice preference in these VP assignments.

3.4.3 Routingwith Multiple VPs and Traffic Types

So far we have analyzed in detail the problem of routing two traffic types onto two VPs.
Next we consider the routing problem for the network shown in Fig. 3.16, where the admis-
sible regions of each VP are linearized. For simplicity we shall assume that all VPs provide
the same aggregate QoS, which are equal to or better than those requested by each traffic
type.

The problem of determining the maximum admissible number of connections can
be formulated as alinear programming problem where we relax the integer constraint on the
number of connections. We assume that the total number of connections of each type are
big enough that the rounding errors to the closest integers are negligible. Thus an optimum
solution to the linear programming problem is close to an optimum solution to the integer
programming problem.

33



Figure 3.16: Problem set-up.

Suppose there are J traffic types to be routed onto P VPswith linearized admissible
regions, where o, j 6 isthe“ effective bandwidth” of Type j traffic on VP p. We shall assume
that every VP can carry any traffic type. Let ny ; denote the number of Type j connections
carried by VP p. The capacity constraints are then given by the following inequalities:

J
=1

where ¢, is the effective capacity of VP p, see (3.5).

Next we consider a set of constraints associated with the pre-defined traffic mix.
Let fj, j =1,..,J bethefraction of each traffic type and 25:1 Np,j denote the total number
of Type j connections carried by al VPs. To ensure the traffic mix constraint is met, we
require that

Sp-1Mp1  ShoaMp2  SpoiNpy
= =.==="" (3.13)
f1 f2 f3
We can rewrite these as a set of equality constraints’:
P fi & ,
Y Npi— ra Y npj=0Vj#1 (3.14)
p:]_ 1 p:l

The goal is to maximize the total number of connectionsglegﬁzl np,j. Given the
nature of this objective function, the constraints in (3.12) will hold with egquality since we
have relaxed np j to be continuous. The linear programming problem is then formulated as
follows:

max o1 Sh-1p]
subjectto Y ap npj = Cp, vp
; A (3.15)
Tp=1NMp1— 7 2p-1Npj =0, Vj#1

It isclear that the feasible set is a polytope and a solution to this linear programming prob-
lem will be a vertex of the polytope [30, 37]. The constraints can be represented in a

6For simplicity the argument 6* is omitted. Neverthelessit should be clear that oyp,j depends on 6 and the
linearization points.

"We assume that EE:l Np,j are big enough such that the error of rounding np j to the closest integers are
negligible. Hence the traffic mix can be roughly maintained.
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#VP(P) | #types(J) | M | #homogeneous VP
2 2 3 >1
2 3 4 >0
3 2 4 >2
3 3 5 >1
3 4 6 >0

Table 3.1: Number of VPs carrying homogeneous traffic.

compact form as Al = b, > 0, where A = {ny j|p=1,...,P,j = 1,..3}T isavector repre-
senting the number of connections on every VPs. In addition, weletn, = {np ;| j =1, LT
denote the number of connections on VP p.

Notethat Aisan M x N matrix, where M = P+J— 1 and N = PJ.8 It can be shown
that a vertex i* of the feasible set contains at most rank(A) non-zero components [30] and
rank(A) < M. In other words, there exists asolution to (3.15) which contains at least N — M
zero components, where a zero component, i.e., n, j = 0, means that VP p does not carry
Type j traffic. This observation sheds light on how the traffic might be carried by the VPs
in order to maximize the admissible number of connections subject to a pre-defined mix.

For example, one can determine the number of VPs carrying homogeneous traffic
by assessing the number of non-zero components oni*. Since each VP will carry some
traffic, there exists at least one i, ; > 0, = 1,...,J for each VP p. Therefore, at most
rank(A) — P additional positive ny ; can be spread out across P VPs. If rank(A) < 2P, then
it isclear that some V Pshave to carry homogeneous traffic. In Table 3.1, we show the lower
bound on the number of homogeneous V Ps for various numbers of VPs and traffic types.
For instance, when 2 traffic types are routed onto 3 VPs, we find that at least 2 VPs will
carry homogeneous traffic.

One can interpret min[P, rank(A) — P] as the maximum number of heterogeneous
VPs. Given the fact that rank(A) < J+ P — 1, so min[1,25] is an upper bound on the
fraction of VPs carrying heterogeneous traffic. Asthe ratio% decreases, i.e., the number of
VPsis greater than the number of traffic types, more VPs are likely to carry homogeneous
traffic.

In addition, 1+ ‘];Pl also gives an upper bound on the “average” number of traffic
types carried on each VP, suggesting that only a small subset of the J traffic types will be
present on each VP when P is large. In particular, when P > J, the “average” number of
traffic types on each VP is smaller than 2.

The key insight is that it is not advantageous for each VP to carry all traffic types
in this heterogeneous set-up. To maximize the throughput, only a small number of traffic
types, or even homogeneous traffic will be present on each VP. This suggests that, in prac-
tice, optimized multiservice networks with sufficient routing diversity might end up looking
like multiple logical networks which are segregated by service type.

8Hereweignorethecaseof P=1o0r Q= 1, thusN > M.

35



Routing with nonlinear admissible region. We have discussed the characteristics of a
routing policy for multiple VPs with linearized admissible regions. Next we show that
the same characteristics till hold even if the admissible region’s boundary of each VP is
CONVex.

Given nonlinear admissible regions, the maximization problem can be similarly
formulated but with new capacity constraints. The capacity constraints are now determined
by the nonlinear admissible region’s boundary and the feasible set F associated with these
capacity constraints is no longer a polytope. Nevertheless, there still exists an optimal
allocation Ai* which maximizes the objective function f(fi) = $7_; SF_1npj and satisfies
the capacity as well as the traffic mix constraints.

Notice that the components of i* consist of P points (i.e., ny), and each ni ison the
admissible region’s boundary of VP p. Therefore one can linearize the admissible region
of VP p at the point ny,. Based on these linearized admissible regions, we can formulate a
linear programming problem similar to (3.15) with anew feasible set F whichisapolytope.

Note that F' is a subset of the original feasible set F because linearization is a
conservative approximation of the admissible region of each VP, see e.g., Fig. 3.4. Hence
fi* must also be amaximizer to this linear programming problem with respect to F . Indeed,
otherwise one finds a contradiction to the optimality of i* for the nonlinear problem.

In addition, based on basic properties of linear programming, there exists a vertex
(might befi* itself) V € F' such that f(v) = f(i*) [37, 30]. Therefore, V isalso amaximizer
of f(-) with respect to both F and F'. SinceV is a vertex of polytope F, it also contains
at most P+ J — 1 non-zero components and all the aforementioned characteristics of the
routing policy follow exactly, e.g., the characteristics for the number of homogeneous and
the “average” number of traffic types on each VP are similar.

3.4.4 Routing with Dynamic Call Arrivals

Suppose that calls of each traffic type arrive as Poisson processes with rates A and each

type of call has an arbitrary holding time distribution with mean Hfl. We will consider

the routing problem with the objective of minimizing blocking probabilities. The resultsin
§3.4.3 suggest that connections need to be allocated to VPs carefully and appropriate traffic
mixes need to be maintained on each VP in order to maximize the admissible number of
connections. However, it is not always possible to maintain desirable traffic mixes on each
VP in adynamic environment. Based on our observation on static route assignment that
each VP carries only a small number of traffic types when the admissible number is maxi-
mized, we propose a simple aternate routing algorithm which approximately maintains the
traffic mix on each VP around desirable operating points.

Each traffic type will be assigned a sequence of potential choices of VPs. The
routing algorithm then selects the first VP in the sequence that can carry the connection.
Alternate routing usually comes in many flavors which mainly depend on how the routing
sequence is chosen [20]. We shall design the routing sequences to account for statistical
multiplexing and traffic mixes on the VPs.

Suppose the offered loads for each traffic type are pj = ﬁ—j Let fj = % denote
the fraction of Type j traffic. One can formulate a static route assignment problem subject
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to these fractions f; and solve for a maximum allocation ii*. The sequence of VPs to be
attempted for Type j traffic is chosen based onni* and the following rules:

e VP p precedes VP g on the sequence if i* indicates that VP p carries only Type |
traffic and VP g carries heterogeneous traffic.

e VP p precedes VP q on the sequence if (1) g ; > g, or (2) np; =g and p< g
(break ties).

For example, consider athree types and three VPs example where the components rf, ; of n*
are glven by (nila n§727 n?l;3) = (77 287 O)! (nzla n£27 nES) = (287 Oa 0)1 and (nala n§727 n§73) =
(0,7,36). The sequence of VPs to be used by the routing algorithrm are2 -1 — 3, 1 —
3—2,and3— 1— 2for Typel, 2, and 3 respectively.

A repacking routing policy. In genera the order of call arrivals might affect the rout-
ing decision and thus the efficiency of network resource. ldealy, the “optimal” routing
policy without favoring any particular traffic type is one that recomputes the best routing
decisions whenever the system status changes, e.g., new connections arrive. In particular,
such a policy might reroute (repack) connections in order to admit a new request. By doing
S0, networks can admit as many connections as possible and make the most of network
resources. However, repacking may not be feasible for the connections that are aready in-
progress. Nevertheless, the blocking probabilities of such apolicy can be used as a measure
of comparison in evaluating the proposed routing agorithm.

3.5 Simulation Results

In this section we use simulations to evaluate the performance of the proposed algorithm
under two scenarios: two traffic types and two VPs, and three traffic types and three VPs.
We compare the call blocking probabilities achieved by arepacking algorithm to a variety
of routing algorithms including L east-L oaded Route (LLR) and Minimum-Resource Route
(MRR) agorithms. Although LLR is usualy claimed to be efficient for single service
networks [23, 27], our simulations showed that in the multiservice context it can not achieve
good performance because it fails to account for the impact of traffic mix and statistical
multiplexing.

35.1 Two Traffic Typesand Two VPs

Wefirst consider the case of two traffic types and two VPs. Asshownin Table 3.1, wefound
that at least one VP carries homogeneous traffic. This property leads to different routing
sequences of VPsfor each traffic type, i.e., asequence 1 — 2 for onetype and 2 — 1 for the
other type. As aresult, each type is assigned a separate primary VP and a connection will
be sent to its primary VP if it isavailable. If the primary VP is unavailable, the other VPis
tried. The connection will be blocked if the second tria fails.

The proposed agorithm is compared with other agorithms under various traffic
loads which are denoted by p; and p» respectively. In the simulations, both traffic types are
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assumed to be On/Off with peak rates 1 and 0.5 as well as mean-to-peak ratios 10% and
90% respectively. The two VPs have an identical capacity of 25, with nonlinear admissible
regions. The routing algorithms we compare are shown in Fig. 3.17 and explained bel ow.

A. Balanced-load scheme without re-trial. Connections of each type are sent to each VP
with equal probability. The loads sent to each VP are (p1 + po).

B. Baanced-load scheme. Thisisthe same as Algorithm A except that if the selected VP
is unavailable, the other VP istried. That is, each connection is assigned a routing
sequence 1 — 2 or 2 — 1 with equal probability regardless of its type.

C. Aggregated-load scheme. A VP will be assigned as the primary VP for both traffic
types. If the sdlected VP is unavailable, the other VP is tried. For example, the
routing sequence 1 — 2 is aways attempted by new connections regardiess of type.

D. Proposed algorithm. Different traffic types are assigned different routing sequences:
1—-20r2—1.

E. Repacking scheme. Connections are repacked if thiswill permit anew connection to be
admitted.

In addition to the above routing algorithms, we also simulated two dynamic routing
algorithms. LLR and MRR. In LLR, a newly arriving connection is sent to the VP which
has the largest free capacity’. By contrast, in MRR, a connection is sent to the VP where
minimum additional bandwidth is required to carry the new connection given the current
load and statistical multiplexing. If the selected VP is unavailable, the other VP istried.

Figure 3.17: Four routing algorithms.

Comparison of blocking probabilities. The simulation results is shown in Table 3.2,
where p; and p, are the blocking probabilities of Type 1 and Type 2 traffic respectively.
Table 3.2 shows that Algorithm A has the worst overall blocking probabilities. This is
because Algorithm A uses static load sharing without retrying the other path if the selected
path is unavailable. Hence a connection may be blocked unnecessarily. The difference in
blocking probabilities of Algorithms A and B strongly suggests that re-trial isworthwhilein
order to improve the performance. Excluding the repacking algorithm (E), Algorithm D has
the smallest blocking probabilities for both traffic types under al traffic load combinations,
which echos the observation found in the static route assignment problem, that unbalanced
traffic mixes on the VPswill improve the efficiency of statistical multiplexing and the usage

9The free capacity is the difference between VP's capacity and the minimum bandwidith required to carry
the connections aready on the VP,
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Loads A B C D E LLR MRR
(p1,p2)
(40,40) || p1=0.0597 | p1=0.03009 | pi=0.03120 | pi=0.00221 | pl=0.0008L || pl=0.03024 | p1=0.02891
p2=0.0837 | p2=0.05027 | p2=0.04743 | p2=0.00222 | p2=0.00158 p2=0.05149 | p2=0.04283
(@5,30) || pi=00269 | pI=0.00791 | pI=0.00804 | pI=0.00044 | pl=0.00013 || pl=0.00760 | pi=0.00720
p2=0.0420 | p2=0.01477 | p2=0.01406 | p2=0.00048 | p2=0.00014 p2=0.01580 | p2=0.01212
(30,45) || p1=0.0498 | p1=0.02280 | p1=0.02289 | pi=0.00148 | p1=0.00076 || pl=0.02258 | p2=0.02257
p2=0.0627 | p2=0.03149 | p2=0.03043 | p2=0.00149 | p2=0.00137 || p2=0.03201 | p2=0.02767
(50,25) || pi=0.0197 | pI=0.00462 | pI=0.00465 | pl=0.00060 | pl=0.00033 || pl=0.00438 | pl=0.00419
p2=0.0326 | p2=0.00913 | p2=0.00878 | p2=0.00095 | pP2=0.00037 p2=0.00981 | p2=0.00765
(2550) || p1=0.0542 | p1=0.02796 | p1=0.02853 | p1=0.00289 | pl=0.00169 || pl=0.02867 | pl=0.02071
p2=0.0655 | p2=0.03405 | p2=0.03282 | p2=0.00290 | p2=0.00279 p2=0.03458 | p2=0.02990

Table 3.2: The comparison of blocking probabilities.

of VP capacities. Notice that the call blocking probabilities of Algorithm D are close to
those achieved by the repacking algorithm (E).

Intuitively an efficient multiplexing reduces the bandwidth reservation on each VP,
which in turn reduces the chance of blocking. This is why the proposed algorithm has
the best performance. Algorithms B and C have roughly the same blocking probabilities
due to the fact that the VPs end up having similar traffic mixes. The traffic load ratios on
each VP of Algorithm B and C are roughly equal to the origina offered loads ratio%, SO
multiplexing is not as efficient as that in Algorithm D. For example, when the traffic load
is (45,30), the blocking probabilities of Algorithm D are 0.00044 and 0.00048, which are
more than a order of magnitude smaller than those achieved by Algorithm B.

Wefind that LLR and MRR are inferior to the proposed algorithm, and their block-
ing probabilities are close to those of Algorithm B for both types of traffic. Since LLR
and MRR fail to account for the traffic mix in making routing decisions, the traffic load
ratios are roughly equal to the original offered load ratio% on each VP. Therefore, LLR
and MRR can not achieve as efficient multiplexing as the proposed algorithm does, which
leads to higher blocking probabilities. These observations provide some insight into how
one should extend the routing policies in circuit-switched networks to multiservice packet-
switched networks. Obviously the effect of traffic mix and multiplexing on the selected
routes should be accounted for when routing connections.

3.5.2 ThreeTraffic Typesand Three VPs

Next we compare two alternate routing algorithms with the repacking scheme for the prob-
lem of routing three traffic types onto three VPs. For simplicity we assume the admissible
regions of VPs are linearized. The “effective bandwidth” and the “effective capacity” of
VPs are shown in Table 3.3.

E. Repacking scheme. Connections are repacked if thiswill permit anew connection to be
admitted.

F. Balanced-load scheme. Three sequences of possible VP choices, 1 —+2— 3,2 —+3— 1,
and 3 — 1 — 2 are randomly assigned to each connection with equal probability
regardless of the traffic type. Hence the VV Ps are attempted in arotary fashion.
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VP | Capacity Effective Bandwidth
Typel | Type2 | Type3

1 100 2 25 3

2 100 3 4 5

5 100 2 2 2

Table 3.3: Capacity and the effective bandwidths.

Traffic loads
(P1,p2,P3)

E

F

G

(33,33,33)

p1=0.00150
p2=0.00190
p3=0.00190

p1=0.00868
p2=0.01180
p3=0.01418

p1=0.00174
p2=0.00238
p3=0.00306

(42,42,15)

p1=0.00080
p2=0.00110
p3=0.00110

p1=0.00461
p2=0.00613
p3=0.00748

p1=0.00129
p2=0.00179
p3=0.00223

(60,24,24)

p1=0.00340
p2=0.00430
p3=0.00430

pI=0.01773
p2=0.02329
p3=0.02825

p1=0.00528
p2=0.00724
p3=0.00891

(50,30,15)

p1=0.00035
p2=0.00045
p3=0.00035

p1=0.00321
p2=0.00429
p3=0.00531

p1=0.00055
p2=0.00077
p3=0.00094

(90,9, 9

p1=0.00240
p2=0.00240
p3=0.00240

p1=0.00637
p2=0.00818
p3=0.00983

p1=0.00226
p2=0.00301
p3=0.00370

(3,45,45)

p1=0.00270
p2=0.00370
p3=0.00440

p1=0.00692
p2=0.01027
p3=0.01265

p1=0.00266
p2=0.00425
p3=0.00547

Table 3.4: Comparison of blocking probabilities.

G. Theproposed algorithm. Each connection isassigned a sequence of possible VP choices
based on its type. The sequences are computed using the rules discussed in §3.4.4.

The comparison of blocking probabilities are shown in Table 3.4. The blocking
probabilities of the proposed algorithm (G) are pretty close to those of Algorithm E. In fact,
the routing sequences of the proposed algorithm are intended to approximate the effect of
“repacking.” These results show that “appropriate” traffic mixes on each VP were indeed
achieved by carefully selecting the routing sequence for each traffic type.

The load-balancing agorithm (F) resulted in worse blocking probabilities than the
proposed algorithm. For example, when the traffic loads are (54, 30, 15), the p of Algo-
rithms E and F are 0.00035 and 0.00048 respectively, but p of Algorithm G is 0.00321.
The difference is amost a order of magnitude. The discrepancy in blocking probability is
due to the traffic mix which in turn affects the usage of VP capacities.
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Traffic loads Routing Sequence
(P1,P2,P3) Typel Type 2 Type 3
(153060) | 2—41—3|1—-2—3|3—>1—>2
(183060) | 2—41—3|1—-2—3|3—-1—>2
(1530,72) |2—+1—-3|1—-2—-3|3—-1—-2
(153048 |2—+1—-+3|1—-2—-3|3—-1—>2
(182460) |2—41—-3|1—-52—-3|3—-51->2
122472y | 2—+1—-3|2—-1—-3|3—-1—-2

Table 3.5: Routing sequence under various traffic loads.

3.5.3 Robustness & Linearization

In our proposed algorithm, the routing sequences of each traffic type depend on the relative
magnitudes of the components on i*. When the offered traffic loads (mix) are perturbed,
the sequences are usually preserved. Hence the proposed routing algorithms are robust
against gentle fluctuations of traffic loads or measurement errors. For example, when the
traffic loads in §3.5.2 are perturbed around an operational point (15, 30,60) by 20%, most
of the computed routing sequences stay unchanged, see Table 3.5.

Supposein the simulations of §3.5.2 the linearization of admissible regionsareiden-
tical on al the VPs, i.e., the effective bandwidths of each traffic type are identical across
the VPs, then Algorithms E, F and G will have the same performance. In fact, the choice of
routing sequence becomesirrelevant. In this scenario, there exists aresource pooling effect,
see e.g., [33] and three VPs “look” like a big VP of larger capacity with the same effective
bandwidth for each traffic type. Hence it might be advantageous to linearize the admissible
regions identically on al VPsin order to simplify the routing algorithms.

In [6], an argument was made that the boundaries of admissible regions can be lin-
earized without significantly reducing the achievable “revenue’ in high-capacity networks.
However, unless the linearization points are chosen carefully and appropriate routing poli-
cies are used to keep the networks around the desired operational regime, linearization can
lead to aloss in overall revenue. Note that a desirable linearization point r}, is mainly de-
termined by the offered loads from different traffic types which can be controlled through
routing decisions.

3.6 Summary

In this chapter we have attempted to clarify problems related to resource allocation and
routing in integrated services networks. In particular, we were motivated by questions that
arise in managing heterogeneous traffic types with possibly different QoS requirements
using VPCs as an intermediate resource management layer.

The first natural question that arises is whether heterogeneous traffic with different
QoS requirements should be segregated on distinct VPs or aggregated on a single VP but
given the most stringent QoS requirement. Based on a simple model our analysis shows
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that the answer is certainly not straightforward, i.e., in some cases, it is advantageous to
aggregate while in others it is better to segregate. For this model a criterion for making
such decisions is derived which depends on the traffic characteristics, traffic mix, and QoS
requirements. Similar behavior islikely to hold for more general setups, where the essential
tradeoff is between achieving improved statistical multiplexing by aggregating but losing
efficiency due to provisioning for the most stringent QoS.

Given a QoS requirement, such as cell loss at alink, the set of admissible numbers
of connections of various types is very likely to have a nonlinear boundary. This reflects
the role that the traffic mix plays in determining the effectiveness of statistical multiplexing
of such traffic. We argue that although such nonlinearities disappear as the link bandwidths
become larger, they are nevertheless present in systems multiplexing moderate numbers of
connections, as might be expected when network resources are partitioned using VPs. The
second natural question is to consider the impact of statistical multiplexing and relative
traffic mix in routing connections through the network.

Indeed we argue that statistical multiplexing, might encourage “users’ to route con-
nections along heavily loaded links or VPs, since increased loads are likely to reduce the
margina bandwidth requirements for the new connection. This observation motivated us to
consider whether this approach might also be beneficial from the network’s point of view.
In a network with heterogeneous traffic types, we found that an aggressive strategy seek-
ing the most loaded resource is however not as effective as a more careful alocation of
resources that accounts for the traffic characteristics and mix. Indeed we show that in both
a static and a dynamic routing model with heterogeneous traffic types, careful allocations
or decisions can lead to a significant decrease in the required bandwidth or the blocking
probability that connections will experience.

In summary, we have obtained following observations and insight:

e The“margina” bandwidth requirement for an additional connection depends on the
current load and the mix of traffic on the path. Judicious route selections may lead to
a better system performance.

e VP dimensioning depends on both the traffic characteristics and the QoS require-
ments. Integrating traffic with different QoS requirements on the same VP is not
necessarily abad idea, since the increased benefit of multiplexing across traffic types
may outweigh the possible loss caused by providing a QoS that is more stringent than
necessary to some traffic.

e The “effective bandwidth” for each traffic type is determined by the linearization
of admissible region’s boundaries. The routing decisions may be affected by the
possibly different “effective bandwidths’ associated with the same traffic type on
different links. Hence the linearization can affect the routing decision. Alternatively,
the routing decisions may change the traffic loads on each link, which in turn could
also affect the linearization.

e Itisnot aways advantageous for the VPs connecting a given source-destination pair
to carry all traffic types. To maximize the throughput, only a small number of traffic
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types, or even homogeneous traffic are present on each VP. This suggests that in
practice multiservice networks might end up looking like multiple logical networks
which are segregated by service types.

e A simple aternate routing algorithm which accounts for traffic mix can achieve a
better blocking probability than LLR.

3.7 Appendix

3.7.1 Proof of Lemma3.4.1

Proof: To determine the maximum length of ST with slope I—i we first draw an auxiliary
line passing the origin O with aslope —]f—;, seeFig. 3.18. Let ||ST|| denote the length of ST.
It is obvious that ||ST|| = ||[SM|| + |[MT]|. Suppose |[OM|| = x, both |[SM|| and |[MT]|| are
(strictly) convex functions of x since the admissible region’s boundary is (strictly) convex.
In turn, ||ST|| is also a (strictly) convex function of x. Hence the problem is indeed to
maximize a (strictly) convex function of x and the (unique) maximizer will occur at the
boundary of feasible interval of x, namely the optimum ST contains intercept points of the
joint admissible region’s boundaries with the coordinate axis. That is, one VP will carry a
single type of traffic. |

Figure 3.18: Determining the length of ST.

3.7.2 Proof of Lemma 3.4.2

Proof: Itisclear that when VP 1 islarge enough to carry al the traffic, the total bandwidth
reservation isminimized if all the traffic are sent to VP 1. Below we consider what happens
when thisis not the case. It is easy to seethat S= (g,s,) will be located on the admissible
region’s boundary in order to maximize \j = slof + szog. Along the boundary, $ is a
convex function of 5. It follows that V; = 310% +szo§ is also a convex function of §
along the admissible region’s boundary, and \4 is maximized when Sis at both ends of
the boundary. However, recall that iy, n, are fixed, namely the slope and length of ST are
fixed, so the location of ST might be constrained by the admissibility of point T on the third
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quadrant, see Fig. 3.13 for examples. Hence, V4 is maximized when ST is located on the
boundary of its feasible set, i.e., at least one of the two points Sand T is on the coordinate
axis. That is, one VP will carry asingle type of traffic. |



Chapter 4

Explicit Rate Flow Control of ABR
Traffic

4.1 Introduction

Asynchronous Transfer Mode (ATM) networks are geared towards supporting and integrat-
ing a variety of communication services which might broadly be divided into those based
on reservation, e.g., Constant and Variable Bit Rate (CBR,VBR) services and best effort
services, such as Unspecified Bit Rate (UBR) and to some extent Available Bit Rate (ABR)
services. Among the latter, ABR service promises to play an important role in supporting
high bandwidth data as well as Internet traffic, such as TCP traffic. The rationale for in-
cluding ABR isto provide an economical and flexible way to carry datatraffic, as might be
needed to simplify adoption of ATM to support delay adaptive real-time applications [4].
From the service provider’s point of view, ABR traffic can be used to enhance utilization by
directing sources to make the most of the network’s available capacity subject to minimum
cell rate and cell loss guarantees.

It has been shown [42, 43] that TCP performs poorly over ATM networks when
there is congestion and ATM cells from multiple TCP packets are dropped. Significant
performance degradation results from “corrupted” TCP packets since they 1) waste network
bandwidth because they are useless to TCP upon arriving at their destination hosts, and 2)
trigger retransmission from the sources to make the effective throughput even lower. Several
algorithms have been proposed for dealing with this throughput collapse problem, such as
packet discard strategies and tuning of the TCP flow control mechanism [43]. However,
instead of tuning the concurrent feedback loops of TCP and ABR, we believe that it is
important to ensure low cell loss inside the networks, so asto avoid the throughput collapse.
This chapter aims to analyze resource requirements and proposes simple design rules to
provide ABR service with controlled loss in a dynamic environment.

ABR service is likely to use rate-based feedback flow controt, i.e., adjusting the
transmission rates of sources based on the current network state. Feedback control in the
context of wide and even local area networks is plagued by the potentially large source

1Rate-based feedback flow control had been chosen by ATM Forum in 1995.
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transmission rates relative to the propagation (as well as processing and queuing) delaysin
the system, making the responsiveness of such mechanisms sluggish and typically requiring
large buffers to absorb traffic fluctuations. In general, when ABR sessions have relatively
long bursts of traffic to send, one might hope to have enough time to properly adapt their
transmission rates—such sessions are said to be greedy. By contrast, traffic with small burst
sizesrelative to the control time scales, e.g., some WWW connections, are said to be bursty
sessions. Feedback control would typically be ineffective for individual bursty connections
though it might still work reasonably well on an aggregated basis.

There are two types of rate control mechanisms. The network can determine and
enforce abound on the transmission rate for each ABR session based on the current state of
the system or may rely on exchanging minimal (binary) congestion indications to incremen-
tally adjust source transmission rates; for a survey see [4, 40, 28] and for a representative
analysis see [5]. These two mechanisms are not incompatible and in fact future networks
might use a natural combination of binary feedback adjustments with explicit rate bounds
to adjust source transmission rates, e.g., the Proportional Rate Control Algorithm (PRCA)
and Enhanced PRCA (EPRCA) discussed in [4]. In the PRCA the source continuously
decreases its cell rate in a multiplicative fashion—proportional to its current cell rate. It
increases its cell rate linearly only after it receives a positive feedback which indicates the
network is not congested. If the feedback is negative or lost, the source will keep decreas-
ing its cell rate. EPRCA, an improved version of the PRCA, provides an Explicit Rate (ER)
feedback as adynamic upper bound on the cell rate calculated by the PRCA. In other words,
the new cell rate will be the minimum of the calculated rate, based on single bit feedback,
and the most recent explicit rate received from the network.

There are other variations of the PRCA, aimed at enhancing its performance, e.g.,
with respect to fairness. For example, the network can send congestion indications selec-
tively to particular sources rather than all sources [48]. However, slow adaptation to the
network’s state and instability are two problems with algorithms using single bit feedback.
In [5] it was shown that such control mechanisms result in an oscillating queue and traffic
flows. By contrast, using explicit rate feedback allows switches to specify adesirable traffic
rate, so sources can rapidly adapt their traffic.

Several agorithms have been suggested for computing the explicit rate. In general,
the computation is based on the queue length, seee.g., [11, 17, 2] and/or the arrival rates, see
e.g., [48, 29, 10]. The former uses the difference between queue length and atarget queue
threshold to adjust the explicit rate. Algorithms using arrival rates to compute the explicit
rate do so by dividing the capacity among sessions in a “fair” manner without considering
the queue length. In order to divide capacity “fairly” among sessions, the switches need
to maintain rate/state information for each session. The computational complexity incurred
by the per-source accounting is an issue in implementation.

This chapter extends an approach first proposed in [8], which was inspired from
[19]. In §4.2 we propose a computationally efficient algorithm for computing the explicit
rate by considering queue length, source activity, and available capacity. In practice one
might expect a mix of traffic with various burst scale properties to use ABR service, and it
is of interest to understand the impact that both the unpredictable nature of source transmis-
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sions and spare capacity in the network will have on flow control. In §4.2 we also consider
asimple model for aflow control mechanism which accounts for such fluctuations. In §4.3
we show that the lossless guarantee can be met by reserving a minimum capacity and buffer
in the bottleneck node. We also show in §4.4 that when sources are greedy, the queue length
and explicit rate will be asymptotically stable around the equilibrium points. In principle
one might argue that by statistically multiplexing alarge number of bursty ABR sessions on
agiven link, one can achieve relatively high utilizations. 1n §4.6 we articulate this point of
view and suggest how one might hope to optimistically usethisto deal with bursty ABR ses-
sions. The balance of this chapter includes further discussion of the proposed flow control
mechanism, preliminary simulations, and consideration of implementation requirements in
the context of ABR service.

4.2 Explicit Rate Flow Control—a Fluid M odel

In this section we consider a “fluid model” wherein for simplicity we assume that the in-
stantaneous transmission rates of sources and links are well-defined. In practice these cor-
respond to windowed estimates of the cell rates in the system. We further assume the
Minimum Cell Rates (MCR) of ABR sessions are zero. The case of positive MCR will be
discussed in §4.5.3.

Figure 4.1: Network bottleneck model.

Network model. We simplify our analysis of the network dynamics by considering a
single “bottleneck” buffered link shared by at most nmax concurrent ABR sessions. We
shall assume that the worst case delay, including both propagation and queuing time, from
the jt" source to the bottleneck isrf and then back isrﬁ’ for atotal round trip delay of ;.

Let v = max;™; vj and At = maxj™ [t — ;] be the worst case round trip delay and worst
case delay discrepancy respectively.

The bottleneck model is shown in Fig. 4.1, where c(t) denotes the instantaneous
capacity available at abottleneck link. We further assume that the rate at which the available
capacity can decrease is lower-bounded, i.e., dc(t)/dt > —p. Changesin c(t) are primarily
due to fluctuations in the aggregate bandwidth requirements of current reserved services,
e.g., VBR sessions sharing the link, as well as changes in the number of such sessions.
As the number of sessions sharing high capacity network links becomes large, one might
hope that statistical averaging would result in slow fluctuations in the aggregate bandwidth
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requirement of reserved services relative to thelink capacity. Dropsin the available capacity
due to sudden increases in the number of VBR connections may be controlled by exerting
flow control on call admissions. Both of these mechanisms affect the magnitude of p and
are further discussed in §4.6 and §4.7.

Source model. Let rj(t) denote the instantaneous transmission rate for the {1 session
at time t. Throughout its lifetime a source's transmission rate can never exceed the most
current explicit rate indication e(t) 2 received from the network, i.e., rj(t) < e(t —r?). We
introduce athreshold r* to discriminate among sources with different “activity” levels.

o If et —r?) > r*, wesay asessionis“on” if its current transmission rate exceeds r,
i.e, rj(t) >r*, otherwise the session is said to be “off.” Sessions which are “on” are
contending for available capacity.

o Ife(t —rﬁ?) < r*, then the available capacity of thelink islow, that is, the link appears
to be congested and all sessions are considered to be “on.”

Moreover we will assume that once a session’'s transmission rate exceeds r*, at most a
linear rate of increase, g, can be supported. Fig. 4.2 shows the characteristics of the source
transmission rate as discussed above.

<

Figure 4.2: Source model characteristics.

This mechanism captures a possibly desirable initial cell rate wherein sources can
typicaly jump start their transmission up to arate r* after being idle and may thereafter
ramp up linearly. Note that sources desiring to transmit at arate below the threshold r may
do so freely, which should expedite short bursty transmissions. By contrast a persistent
session wishing to transmit at high rate may certainly do so but must give the network
time to detect that it is becoming a major contender for capacity in the network, hence
the ramp-up above r* is constrained. In addition, such linear ramp-up constraints might
be desirable in order to integrate single-bit and explicit-rate flows control mechanismsin a
heterogeneous environment.

2Here e(t) means the explicit rate , not the envelope function of a deterministically constrained traffic.
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Flow control mechanism. The dynamics of the bottleneck queue are given by :

M (f —l)
oo { [,-m(t o) —ct),  a) >0, )

n f +
- - o)), o) =0,

with [x]™ = max([x,0] and where the transmission rate of each session is bounded by the
latest explicit rate received, i.e, rj(t) < e(t — ).

Theexplicit rate e(t) iscomputed based on the current network state which includes
the queue length, q(t), the current available capacity, c(t), and delayed information about
the current number of sources that are “on.” The number of “on” sources is given by

Nmax

A = Y Yrjt—t)) >} +Let—7) <r}, (4.2)
=1
where 1{-} isthe indicator function. The first term corresponds to the sources with trans-
mission rates exceeding r*, while the second term corresponds to the scenario where the
bottleneck node appeared to be congested, indicated by e(t — 1) < r*. In that scenario a
session was assumed to be “on” regardless of its rate.

The explicit rate is computed so that the net input into the network approximately
tracks a delay-free reference model for the queue dynamics given by

q(t) = f(a(t)) eg., f(qt)) =—k(at) —q),

where the drift f(q(t)) isselected to drive the reference queue towards atarget level ¢. The
bottleneck queue computes e(t) so as to approximate this drift assuming the sources that
were “on” (‘with at least one being on, i.e., fi(t) vV 1) will transmit at this new rate, i.e.,

=

f(a(t)) = et)(A(t) V1) —c(t) = |eft) = GRREY. (43)

t
(Vi

)

Thus the explicit rate is based on the available capacity as well as the queue's state, which
as suggested in [1] is necessary to ensure stability. Note that a single e(t) is computed for
al ABR sessions carried by the bottleneck link, which significantly reduces the implemen-
tation complexity of this algorithm.

4.3 Guaranteeing No Lossand Positive e(t)

In this section we show a minimum amount of buffer by, must be reserved at the potential
bottleneck in order to ensure no loss. In addition, a minimal service rate Gy aso needs to
be reserved in order to guarantee that the explicit rate is non-negative since the transmission
rate can not be lessthan zero. For the remainder of this chapter, we assume the drift function
islinear, i.e., f(q(t)) = —k(q(t) — g*), wherek > 0, and show that

bmin - q* + VTX + (kq* +W)T and Cmin == k(bmin — q*), (44)

where w = tp + Npax[I* + gt].
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Lemma4.3.1 The aggregate arrival rate into the queue at time t is bounded by f(q(t —
T)) + C(t — T) + N[ * + OT].

Proof: Consider the aggregate traffic rate reaching the bottleneck queue at timet. We can
subdivide the contributing sources into the fi(t —t) that were thought to be “on” at time
t —t, and those that were thought to be “off”:

Nimax Nmax
Mrit—t) = Y Urjt—t—7))>r" OR et—t—1)) <r'}rj(t—7))
=1 =1

J/

“On" SOUrces
Nmax
=1

. /

“off” sources

where the arguments of indicator functions are based on the two cases captured in (4.2).
Using the explicit rate constraint and the bound on the ramp-up of sources’ trans-
mission rates, we can establish that

r(t—t+®) +glt—t)) - (t—t+1)]
e(t — 1)+ gAt.

rjt-v) <
<

Now distinguishing between the sources which were“on” and accounting for the worst case
linear growth of “off” sessions from r*, we get the following bound on the aggregate rate
into the queue at timet:

niairj(t—rjf) < At —1)[e(t —t) + gAT] + [Nmax — At —T)][r* + gt]
=

f(q(t —7)) +c(t — ) + At — T)9AT + [Nax — At —T)][r* + o]
f(q(t —7)) +c(t — ) + Npax[r " + O1]. (4.5)

VAN VAN

[ |

Notice that the upper bound on arrival rate includes transient bursts caused by the
“off” sessions turning “on” between t —t and t. The feedback mechanism guarantees that
the arrival rates of such bursting sessions will be regulated no later than T seconds after the
bottleneck node detects them. From the queue’s perspective, such bursts will last at most t
seconds and only contain a finite amount of traffic, so the sudden increase in queue length
due to such bursts can be upper-bounded.

Using (4.5) and (4.1), aswell asthe variability constraint on the available capacity,
we find the following differential inequality :

q(t) f(a(t —7)) +c(t =) — c(t) + Mmex{r" + 1]

F(Q(t — 1)) +p + Nl + 7]
f(q(t—1) +w (4.6)

IN NN

where w = tp + nmax[r* + gt]. Note that p is the variation of available capacity, or equiv-
alently the burstiness of VBR connections sharing the same link. In the worst case, tp
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corresponds to the maximum variation in the arrival rate of VBR traffic over t seconds.
Thus the worst case queue growth is driven by three factors: 1) the drift computed from
delayed gqueue information, 2) the unexpected burstiness of VBR connections, and 3) the
unexpected bursting ABR connections.

The bound in (4.6) is conservative as it is based on the assumption that capacity is
dropping by pt and nya Sessions are turning “on” at the same time. Nevertheless, it can be
used to derive an upper bound on queue length.

Lemma4.3.2 The queue length is upper-bounded by thax = g* + § + (kg* +w)t.

Proof: Note that the upper bound (4.6) on ¢(t) depends on the queue length at t —t. If
qt—7) > g*+ ¥, itfollowsthat f(q(t —t)) < —wand g(t) < 0. In other words, the queue
length has to stop increasing T seconds after it exceeds ¢ + . Consider arbitrary time
interval's during which the queue length exceeds o + ¥; we call such periods “ overshooting
cycles” Wefirst show an upper bound on the queue length over such * overshooting cycles”

Without loss of generality, let t = 0 be the beginning of an * overshooting cycle” and
q(0) = g* + ¥. Since the queue length exceeds ¢ + ¥, we know q(t) <0, fort >t on the
“overshooting cycle.” To compute the maximum queue length gnax Over an “overshooting
cycle,” it suffices to consider the worst case queue growth, see Fig. 4.3, ontheinterval [0,1]:

qt) < q*+v—ll/+/orf(q(t—17))+wdt 4.7)

IA

w T
q*+—+/ (ka" +w) dt
k Jo
= "+ (kG +W)T = e
We have shown that gmax iS an upper bound on the queue length over an “overshooting

Figure 4.3: An upper bound on the queue length.

cycle” For intervals other than “overshooting cycles,” the queue length does not exceed
" + % thus amax is an upper bound on the queue length. |
In order to guarantee that no loss occurs, we need to reserve a buffer of size

brrin =q*+v—ll'+(kq*+W)r, where w = tp + N[ + gr]. (4.8)

In addition, we need to reserve a minimum capacity G, to guarantee non-negative e(t).
Indeed, to ensure e(t) > 0, we require that f(q(t)) +c(t) > 0. Since the minimum of
f(q(t)) corresponds to the largest queue length, a capacity Gnin = — f (Gmax) = K(bmin — g*)
is sufficient to ensure non-negative e(t).
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By modifying the drift function f(-), we can change the minimum buffer/capacity
requirements. Thisisfurther discussed in §4.7.3.

4.4 Asymptotic Stability

In this section we discuss the stability of the proposed algorithm in a fixed environment,
i.e., the number of sessions and capacity are both fixed and all the sessions are greedy. In
particular we analyze the impact of the round-trip delay, drift function f(-), and the ramp-
up constraints on the stability of the system. We assume that n greedy sessions share alink
with fixed capacity c(t) = ¢ > Gnin. In other words, the sources attempt to track the latest
explicit rate indications. Hence in the following analysis, r* plays no role in distinguishing
source activity—sources are always assumed to be “on.”

441 Linear Feedback

We shall first relax the ramp-up constraint on the sources and discuss the stability of the
system. If we take derivative on both sides of “e(t) = &n)”c with respect tot, it follows
that é(t) = *kq( —K " Now substituti ng into (4.1), we find that e(t) is governed by a delay-
differentia equatl on given by

3|7\_

Eet—r. ) —d]. (4.9

i=1

An equivalent system for (4.9) is shown in Fig. 4.4, where G(s) = 1D(s), and D(s) =
S, e models the feedback delays. The model shown in Fig. 4.4.(b) isalinear feedback

Figure 4.4: The control system model and its equivalent.

control system and its stability can be verified based on the frequency response of G(s)
using the Nyquist criterion [50]. By contrast, one can take atransfer function approach and
consider the location of the transfer function’s poles, i.e., the roots of 1+'ﬁ‘G(s), seeedg.,
[11, 2, 17]. However, it is usualy nontrivial to find the poles of such transfer functions. In
the following we consider the stability of this system based on how the frequency response
of G(s) encircles the Nyquist point z= —. The Nyquist plot of G(s) is determined by

G(jo) :Ee jor; i sin(tiw COS(‘C. )]

i=1 i=1 ®
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Since ‘w <, it follows Re(G(jw)) > —SL;ti. Thus the Nyquist plot of G(jw)
aways resides on the right hand side of the vertical linez= —3'_; t; on the complex plane.
If we choose the Nyquist point to be z= —¢ < — 3L, 7, then G(jw) will stay away from
circling the Nyquist point at all. Asaresult, FI§ S, 1 < lisasufficient condition to ensure
the asymptotic stability of the system.

Since the ramp-up of sources is not constrained, the Gyin in §4.3 can not be applied
to ensure e(t) > 0. Thus we have a different requirement on Gy, to ensure that e(t) is
well-defined, i.e., does not become negative, and thus prevents our model from assuming
negative source rates.

Lemma4.4.1 For the systemin Fig. 4.4.(a), ¢ > Gnin = k®q*t is a sufficient condition to
ensure e(t) > 0.

Proof: See Appendix 4.10.1.

4.4.2 Nonlinear Feedback

Next we discuss the stability of the proposed algorithm subject to source ramp-up con-
straints. We shall use the result in §4.4.1 as a stepping stone and take a similar approach.
Consider the nonlinear system shown in Fig. 4.5. The system is similar to the one in
Fig. 4.4 except the block showing that f(t) = min[é(t),qg], i.e., the ramp-up of sources is
constrained.

Figure 4.5: The non-linear model with constraints.

Lemma 4.4.2 For the systemin Fig. 4.5, 'ﬁ S, 1 < lisasufficient condition to guarantee
the asymptotic stability of the system.

Proof: See Appendix 4.10.2.

We have shown in §4.4.1that ¥ S 7 < 1isasufficient condition for ensuring the
asymptotic stability in the linear feedback case. The same condition a so holds for our pro-
posed algorithm where the source ramp-up is constrained. Note that the ramp-up constraint
g will affect the minimum buffer requirement in §4.3. Hence we can change g to meet
different buffer requirements without affecting the stability. Another useful property is that
this condition only depends on the summation of all ABR session’s round-trip delays (or
equivaently the average round-trip delays among all sessions), rather than their individual
values. This means that variation in each session’s round-trip delay can be tolerated as long
as the average satisfies the stability condition.
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45 Steady State and Fairness

In the previous section we showed the asymptotic stability of our proposed mechanism
under the greedy source assumption. Next we consider its steady state characteristics. We
shall focus on the dynamics of bottleneck link in response to our control mechanism.

45.1 Steady State Characteristics of Greedy Sources

In steady state the derivatives of system variables go to zero, i.e.,

&) = lime(t) =0 and () = [imq(t) = 0.
If &(e0) = 0, then from (4.9) it follows that ne(«) = c. Hence f(q(e)) = 0 and g(») = d.
As a result, the system converges to e(») = £ and g(«) = g*. It should be clear that
available capacity of a bottleneck link is partitioned fairly among sources which are “on”
and greedy.

45.2 Impact of Constrained Flows

Next we consider how the bottleneck link responds to the status in the other parts of the
network. Suppose some sessions are not able to send traffic at the allocated explicit rate,
i.e., are constrained elsewhere in the network. These constrained sessions will cause the
aggregate arrival rate to be smaller than expected, thus the queue length will decrease.
Nevertheless, the drift function f(-) in (4.3) aims to bring queue length towards the target
level, so it will compensate for this queue changes by increasing e(t). The increased e(t)
allows other sessions to send traffic at even higher rates, so the available capacity will not
wasted. In other words, the unused bandwidth of constrained sessions is re-allocated to the
greedy sessions.
Suppose m sessions are constrained by peak rates p > r* elsewhere in the network.

In steady state the following equation would hold:

c+ f(q(«)) o

— (n—m) :c—glpi.
It followsthat f(q()) = -Mc— -2 3™ p and q(=) = [0,q* — k(n—im)(mc— N3t p)l*,
so the steady state queue length lies between ¢ and 0 asaresult of constrained traffic. Thus
in order to fully re-allocate unused bandwidth, we need ¢ to be greater than k(n—fm)(mc—
ny", pi). Also notice that although constrained sessions are alocated higher rates than
they really use, this will not cause network instability. Indeed all sessions have to ramp up
at arate g, so if their constraints are suddenly removed, this will give the network time to
detect the change.

45.3 Sessionswith Minimum Cell Rate Guar antees

A further goal in managing ABR sessions is to guarantee each session a pre-negotiated
Minimum Cell Rate (MCR) m;, aswell as afair share of the spare network capacity among
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the currently active sources. In order to achieve this, we modify the proposed mechanism
asfollows.

We reserve the MCR, m;, for each session and make the worst case assumption
that a session will attempt to send traffic at arate no smaller than its MCR. Moreover, we
modify the definition of c(t) and rj(t) such that c(t) + 3, m; and m; +rj(t) are the total
available capacity and the real transmission rate of session j respectively. In other words,
c(t) and r(t) in the previous analysis are the spare capacity and data rate in excess of the
reserved MCRs. Therefore, e(t) is the fair share of spare capacity for each session, and the
transmission rate of session j is bounded by m +e(t). Note that the bottleneck node will
still send the same explicit rate e(t) to each session, so the complexity of the algorithm does
not change.

The reserved MCRs are constant terms, so they have no impact on the stability
results. In this case, IﬁEinzlfi < 1isdtill asufficient condition for asymptotic stability. The
minimum buffer requirement by, stays the same as in (4.4), but now we need to reserve
additional capacity to satisfy minimum cell rate requirements of ABR sessions sharing the
link i.e., Cmin+ 3L, m;.

4.6 ABR Call Admission and Statistical M ultiplexing

Feedback control will be ineffective to control the connections sending small bursts whose
durations are shorter than the control time scale. While resources are reserved to account
for such bursts, the resource utilization is usualy low. In this section we consider the role
of bursty ABR sessions and the statistical multiplexing of independent bursts from such
sessions. Our goal is to show that the admissible number of concurrent ABR sessions can
be increased by relaxing the loss constraint in a controlled manner.

Losslessanalysis. From theresult in (4.8), one can compute the buffer requirement when
at most Nmax Sessions are carried with alossless guarantee. Moreover, (4.8) can aso be used
as an admission control threshold to compute the admissible number Ry of ABR sessions
subject to afixed buffer size and |ossless guarantee. Note that nnax would then be afunction
of r*, g, p, and . The capacity ¢ does not affect nyax, aslong as the rate Gy, is guaranteed,
but the available capacity’s fluctuation p plays an important role in determining Myax.

The analysisin §4.3 is based on the worst case assumption that nyax ABR sessions
are concurrently “bursting” without being detected by the node. Thisis conservative sinceit
isunlikely that all ABR sessions will “burst” at the same time. Furthermore, ABR sessions
can not keep “bursting” without being detected. The node will usually detect such sources
and reallocate the explicit rate in a round-trip delay time, T. Hence we can exploit the
“statistical multiplexing” of ABR sessions by modeling their bursting behavior and relaxing
the loss requirement, so as to increase the admissible number of sessions from Ry to nPnaX.
In short, we shall control the probability that nyx sessions out of r,,, will burst within
seconds.
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Controlled loss.  Suppose ABR sessions aternate between “off” and “on” modes through-
out their lifetime and the distribution of the time that sources stay “off” is modeled by an
exponential distribution with a parameter A. We further assume the distributions of each
session’s “off” time are identical and independent. We can construct a random variable |

asfollows

| 1 if stream j jumpsfrom “off” to “on” within t,
7] 0 otherwise.

Therefore, a conservative admissible number of ABR sessions subject to controlled loss
would be

n
nb., = max{n| P(Y 1) > M) < 8},
=1

where 9 is adesign parameter which roughly characterizes the desired quality of service at
the buffer of the bottleneck link. From the exponential distribution it follows that P( =
0) = —M and nPnaX can be determined by a Binomial distribution. The additional number
of sources nPnaX — Nmax that can be admitted on the link is due to statistical multiplexing
of ABR bursts. The effectiveness of such multiplexing depends on the average interval
between “bursts’, % and round-trip delay T. Some examples are considered in §4.8.
Capacity variability p. Theanalysisin §4.3 showed that the variability p in the available
capacity is critical to assessing queue fluctuations and thus the losses in the network. Since
ABR sessions exploit the unused bandwidth of VBR sessions sharing the same link, the
variation of the aggregate VBR bandwidth requirement will affect the available capacity
of ABR sessions. For example, an increase in the VBR bandwidth requirement will mean
a decrease in the available capacity of ABR sessions. Fig. 4.6 shows what might be the
aggregate bandwidth increment for afixed number of heterogeneous VBR (MPEG 1 video)
sessions over various time scales t. Measurements of the worst case and average p show
that the variability is on the order of 10's of Mbps/s and highly dependent on the time scale
of interest. On the good side, the variability grows in a sub-linear fashion in the number
of sources, suggesting that VBR multiplexing will help to reduce the variability. On the
bad side, there is alarge discrepancy between the average and worst case variability, which
makes buffer dimensioning difficult. In practice one might consider the distribution of
this quantity, represented by a random variable R, and let p satisfy P(R > pt) < 10°°, so
that the probability of failure for the control is small, and the quality of service is roughly
maintained. Given such a p, an appropriate buffer size can be determined.

4.7 Implementation and Design | ssues

We briefly discuss the implementation of the proposed control mechanism based on the
rate-based flow control framework in [4].
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Figure 4.6: Average and maximum bandwidth increments for aggregated VBR sources.

4.7.1 Protocolsand Complexity

Feedback rate control depends on regular information exchange between the network and
sources. Thisinformation is carried in special Resource Management (RM) cells which are
periodicaly (every Nrm data cells) generated by the source and sent along the session’s
route to the destination where they are looped back to the source. The RM cells carry
various types of information; of particular interest herein, will be the Current Cell Rate
(CCR), the Minimum Cell Rate (MCR), the Explicit Rate (ER), and a Congestion Indication
(CI) bit. The explicit rate isinitialy set to the source's Peak Cell Rate (PCR) and the CCR
is equal to the Allowed Cell Rate (ACR) when the RM cell is generated. The ER and ClI
fields can be modified by properly equipped switches, as the RM cell travels through the
network.

In our proposed mechanism the CCR corresponds to the current transmission rate
of the source which is constrained by the latest ER message sent to the source from the
network. We envisage a setting where explicit rates are computed at some or al of the
switches asession traverses, and the minimum of computed ERsis stamped on the returning
RM cells. To compute the current ER, the switch needs to determine roughly how many
sources are “on.” Notice that this assessment could be done at the source/policer end and
the results are encoded in RM cells. The switch does not need to monitor the rate/state
information for each session, which otherwise could be prohibitively expensive for switches
carrying alarge number of ABR sessions.

Hence the switch simply tracks the number of “on” sessions by updating a state
variable based on the information carried by RM cells, and monitors both the available
capacity and queue state. Each source would receive a returned RM cell with an explicit
rate, which it would for example add to its reserved MCR to determine its alowed cell
rate. This agorithm has the advantage that the computed e(t) is the same for all sources
sharing a given link. This significantly reduces the complexity of computing explicit rates
and stamping RM cells. Pseudo code of the proposed algorithm can be found in Appendix
4.10.3.
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4.7.2 Estimation of Link Status

The proposed algorithm uses the available capacity c(t), the queue length q(t), and the
number of “on” ABR sessions fi(t) to compute e(t). The queue length can be easily obtained
by monitoring the ABR buffer of alink, but the available capacity is dependent on other
service types sharing the samelink, such as VBR. Suppose agiven link (e.g., an output port
of aswitch) isshared by VBR and ABR connections. The available capacity consists of two
parts. The first part is the difference between the link capacity and the bandwidth which
has been reserved to provide quality of service guarantees to VBR connections. The second
part comes from the momentarily unused capacity left from the reserved capacity for VBR.
To determine the amount of momentarily unused capacity, we need to measure how much
capacity is consumed by VBR.

To estimate A(t), one can monitor the rate/state of each ABR connection. However,
the complexity of such approach is again a concern in its implementation. We propose an
algorithm for estimating fi(t) without doing per-source accounting. Suppose the " RM
cell arrives at a switch at timet;, and it carries CCR, and a status® s € {0,1}, i.e, “off” or
“on.” The switch monitors the RM cell arrivals in a synchronous fashion over fixed length
intervals of | seconds. For the i interval, the number of “on” sources which send RM cells
can be approximated by

Nrm

onj=S ———
4, 1+CCR

s, whereLj={i|jl <t <(j+1)I}.

Note that the summation of § has been normalized by theinter-arrival time of RM cells and
the interval length |. Suppose an “on” source’'s CCR is fixed, it will send RM cells every
Q%S seconds. Within | seconds, '*I\‘f%? RM cells are expected to arrive at the bottleneck link,
so the associated § is normalized by this number to get a correct estimate for the number
of active sources. Asaresult, A(t) is a piece-wise step function, which is continuous from

right hand side at the pointst = j x|, j € N . Therecursive estimate is computed as follows
A((J+ D)1 =A(j1) *a+0n; « (1 —a),

where a is an averaging factor. Fig. 4.7 shows an example of estimated fi(t) and real n(t)
when alink carries 100 bursty ABR sessions. Clearly fi(t) can track the number of “on”
sessions quite nicely.

4.7.3 Design Parameters
From the analysisin §4.3, the buffer requirement isafunction of several system parameters.

In the following we discuss the design trade-offs in selecting these parameters.

Drift function f(-). In§4.3 we considered the linear drift function f(q(t)) = —k(q(t) —
g*) and used the fact that f(q(t)) < kqg" to derive an upper-bound on the queue length. In
practice one may want to saturate the maximum value of the drift f(-) in order to control

3Current|y, the on/off status bit is not in the standard definition of RM cell fields.
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Figure 4.7: The estimation of A(t).
bmin t0 a desirable value, see e.g., Fig. 4.8. Moreover, if the minimum value of f(-) is
clamped by frin and —K(bmin — g*) < frin < 0, the minimum capacity requirement Gyin, will

be equal to — frin rather than k(bmin — g*), thus the minimum capacity requirement can be
reduced.

—

N

Figure 4.8: A saturated function f(-).

Ramp-up constraint g.  In practice source rate adjustments might occur according to the
positive feedback CI mechanism using additive rate increase and proportional rate decrease
factors (AIR,RDF) discussed in [4]. Note that using this type of proportional rate control
mechanism, one can bound a source’s growth g by PCR/Nrmx Al R. Thus these parameters
can be used to optimize the operation and determine the growth rate that should be assumed
in dimensioning of the network resources. Linear ramp-up also facilitates the integration of
Cl-based and ER-based mechanisms in a heterogeneous environment.

Ratethreshold r*. Thisparameter alows the sessions some degree of freedom in sending
small bursts. It also captures the impact of such bursts on the network operation. The
threshold r* prevents the switch from incorrectly believing a session sending small bursts
is becoming a major contender for spare capacity, thus reducing the overhead of doing
unnecessary adjustments on the explicit rate computation. Moreover, r* could beinterpreted
asthelnitial Cell Rate (ICR) inthe ABR framework [4], which limitstheinitial transmission
rate after an idle period.

59



Capacity variation p. Inaddition to the fluctuations in available capacity dueto statistical
multiplexing of VBR flows, afurther contributor to the changes in available capacity would
be the admission of new CBR/VBR calls into the system. Let N(r, s| denote the number of
new connections that are admitted to aparticular link during the time interval (r,s]. In order
to control the magnitude of p, it may be necessary to constrain call admissions such that
N(r,s] <y(s—r). Notethat hardware and demand would limit the rate y of call admissions.
During a round trip delay <, a most yt connections are initiated. Assuming they have a
peak rate p Mbps, the available bandwidth could decrease at a rate py Mbps/sec. Overall
we believe it is not unreasonable to assume that once the operation regime and traffic on a
link is known, the variahility p can be assessed by combining empirical evaluation of VBR
traffic fluctuations and admission control on the connection process.

Queue threshold g*. The target queue level g will determine the overall utilization of
the system. Intuitively the larger ¢, the greater the ability of the system to buffer ABR
traffic, and thus to exploit available capacity if it suddenly becomes available. However, a
larger g* means alarger queuing delay in steady state, so atrade-off between utilization and
delay needs to be made in selecting ¢*. In addition, if some ABR sessions are constrained
and can not fully utilize the alocated rate, we showed in §4.5.2 that a large enough ¢ is
necessary to allow reallocating the unused capacity of constrained connections. In essence,
g* determines the “dynamic range” for the explicit rate that the link can support when
sessions are constrained elsewhere.

4.8 Simulation and Performance Evaluation

In this section we present some simulation resultsto verify the analysisin previous sections.
Our network configuration, shownin Fig. 4.9, contains 15 ABR connections and aggregated
VBR connections sharing a bottleneck link. We are interested in the interaction between
ABR feedback control and the rate variation of VBR connections, as well as their impact
on the bottleneck node’'s queue length.

Stability. In §4.4 we proved the bottleneck queue length will converge to the target level
g* in afixed environment if the drift function gain k is chosen such thaI'ﬁ St <1 We
first consider the case where ABR connections are greedy and the VBR connections are
off, hence the available capacity and the number of “on” sources are both fixed. The queue
threshold g* is 200 and the largest round-trip delay t for the ABR connections is set to be 20
ms, which means that the largest k guaranteed to ensure stability is 0.0207 Mb/(Cells*s).
The gqueue dynamics for k = 0.02 and k = 0.06 are shown in Fig. 4.10, illustrating that
k = 0.06 may result in instability.

Queue response to varying available capacity. Next we study the bottleneck queue re-
sponse when the available capacity changes. We feed greedy ABR connections and an
on/off VBR connection into the bottleneck link. The arrival rate of the VBR connection,
ACR of an ABR connection, and the queue length are shown in Fig. 4.11. Thefigure shows
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Figure 4.9: A bottleneck link shared by ABR and VBR connections.
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Figure 4.10: Queue dynamics for different drift function gains k.

ajump in the queue length when the VBR flow starts bursting. However, the queue length
goes back to the target level and available capacity is reallocated after the bottleneck link
responds to the change in the available capacity. Since the queue length is controlled around
the target level, the available capacity isfully utilized.

Statistical multiplexing. In the lossless case the queue overshooting contributed from
bursting ABR sources is determined by the total number of ABR sessions, Mpax. In §4.6
this contribution was reconsidered because the effective number of bursting ABR sessions
within a round-trip delay time is smaller than the total number of ABR connections due
to statistical multiplexing. Hence, in a controlled loss scenario, the buffer requirement
can be reduced, or aternatively the admissible number can be increased. We assume the
average idle time of ABR connections is 100 ms and use the result in §4.6 to compute the
nPnaX for different “QoS’ when nyax = 30. Theresults, shown in Table 4.1, indicate that the
admissible number of ABR sessionsisincreased significantly due to statistical multiplexing
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Figure 4.11: Queue length and ACR in a changing environment.

“QoS’ (8) [0 [ 1e7 [ 1.0e6 | 1.0e5 | 1.0e-4 | 1.0e-3
Nimax 3030 [30 30 30 30
. 3063 |68 75 84 94

Table 4.1: Comparison of admissible numbers.

of their bursts.

Utilization improvement. An important advantage of introducing ABR service isto im-
prove the network utilization. Because of the stringent quality of service requirement and
bursty behavior of VBR traffic, the network utilization is usualy low if only VBR con-
nections are carried. One can let ABR connections use the momentarily unused bandwidth
inside the network, so asto improve utilization. In our final simulation we |et the bottleneck
link carry 45 VBR connections from the video traces for obtaining Fig. 4.6. In addition,
we introduce 3 greedy ABR connections to exploit the unused bandwidth. We found the
utilization of the bottleneck link increased from 70% to 95%. The plots of aggregate VBR
arrival rate, ACR of an ABR connection, and the queue length are shown in Fig. 4.12. It
shows that the ACR of ABR connections are varying according to the changes in the VBR
arrival rates.

49 Summary

In order to avoid throughput collapse, ABR service will need to be implemented so as to
provide some control on cell loss. To achieve this, flow control mechanisms need to be de-
signed, so that by making appropriate resource reservations and performing call admission,
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Figure 4.12: 45 VBR and 3 ABR connections.

the network can ensure that losses are low. We have proposed a simple algorithm to com-
pute an explicit rate bound on source traffic. Indeed, it substantially reduces the complexity
of computing explicit rates, since it is based on estimating the number of ABR sessions
currently contending for bandwidth on a bottleneck link, without requiring per-connection
rate/state information. By accounting for the rate variability of the interfering (VBR) traffic
and the source update behavior, we analyzed the queue dynamics at the bottleneck link and
derived the minimum buffer and capacity requirements for guaranteeing lossless service to
ABR connections.

We have introduced a threshold r* to discriminate among sources with different
activity levels. Sources are free to send bursts at any rate below the threshold, but must
ramp up linearly after exceeding it. In practice this setup would expedite the transmission
of short bursts and facilitate the integration of Cl-based and ER-based flow control mecha-
nisms. In general, feedback control would typically be ineffective at regulating ABR traffic
with small burst sizes relative to the network’s round trip delay time. Hence resources need
to be reserved to absorb such traffic variability and control loss, but doing so would typically
reduce link utilization. By accounting for statistical multiplexing of source bursts, one can
reduce the required reservations to achieve the desired quality of service, or alternatively
one can alow for alarger number of concurrent ABR connections for a given reservation.
We have articulated this point of view and proposed a primitive model to assess the accept-
able number of concurrent connections. The effectiveness of such multiplexing depends on
the control time scale and the characteristics of bursty traffic.
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Finaly, we have discussed design parameters for our proposed algorithm in the
context of standard ABR rate control mechanisms. We identified the factors that would
affect queue overflows, such as the source behavior, variability of available capacity, and
of course round trip delays. We believe that our analysis provides some novel insights to
dimensioning capacity/buffer requirements for ABR rate control mechanisms.
Acknowledgment. We used the NIST ATM network simulator for the simulation in this
chapter. The pseudo codes of switches and ABR sources were implemented based on [21].

4.10 Appendix

4.10.1 Proof of Lemma4.4.1

To ensure e(t) > 0, we require that f(gmnax) +C > 0, i.e., the maximum queue length will
determine the minimum capacity requirement. First notice that

n n

o) = Yelt-m-c= = Sf(at—w)+d-c= = 3 f(alt ),

i=1 n i=1 n i=1
hence q(t) depends on the past queue lengths. If q(t —t) > f, Vt > 0, it follows that
f(q(t—m7i)) <0, Vi, vt > 0and q(t) <0, vVt > 0. In other words, the queue length has to
stop increasing T seconds after it exceeds ¢f . Consider arbitrary timeintervals during which
the queue length exceeds g and call such periods “ overshooting cycles.” We show an upper
bound on the queue length over an “overshooting cycle.”

Without loss of generality, let t = 0 be the beginning of an “overshooting cycle”
and g(0) = g*. Since the queue length exceeds g, we know that §(t) <0, Vt >t onan
“overshooting cycle” To compute the maximum queue length gnax Of an “overshooting
cycle” it suffices to consider the worst case queue growth on the interval [0, t]:

rnf
<q+/ dt<q+/kq dt =g + kgt = Qrmax-

Thus grmax IS an upper bound on the queue length over an “overshooting cycle.” For intervals
other than “overshooting cycles,” the queue length does not exceed ¢, thus gmax IS an upper
bound on the queue length. Given thisbound, in order to ensure non-negative e(t), it suffices
that when ¢ > — f (Gmax) = K?g°*T.

|

4.10.2 Proof of Asymptotic Stability

In Fig. 4.5 we have a controller k(x) with input x=c—3_,r(t — ) in the system. Since
the ramp-up of sourcesis constrained, i.e., f(t) = min[é(t), g], the controller k(x) is nonlin-
ear and K(x) = min[;'ﬁx, g], see Fig.4.13. A generalized Nyquist criterion—Circle criterion
[50][p.344] is useful in determining the stability of a nonlinear system. For reference, an
abridged and rephrased version of the theorem is given below.

Theorem 4.10.1 (Circlecriterion) Consider afeedback control system consisting of a non-
linear controller (memoryless gain function) k(x) and a LTI system G(s), e.g, the systemin
Fig. 4.5. The systemis asymptotically stable if
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1. k(x) liesin the sector [a,b], i.e, a< ¥ < b, ¥x+ 0, where0 < a < b,

X

2. G(s) = G4(9) + G (s), where G (s) is strictly proper and G4(s) is the Laplace trans-
form of a function in the space L3 [0, «) augmented by delayed impul ses,

and the Nyquist theorem is satisfied for the G(jw) locus with respect to the circle with
diameter on the negative real axis of the complex plane from —% to — % i.e., the locus stays
away from the circle and encircles it an appropriate number of times [50] according to the
Nyquist theorem. [ |

We first show that k(x) lies in a sector. Sincer(t) is non-negative, hence x = ¢ —
P r(t—T) < c. In addition, we assume that k(c) = min[kc,g] = g < £c, otherwise k(x)
isalinear function and the stahility of such system can be considered based on the Nyquist

k(x)

criterion, see §4.4.1. We consider the possible values of =+ asfollows.

e Casel: 0<x<c

k .

5, if 0 <x< gg,
9> 9 if gh
xZ o fgg<x<c

o Case2: x<0

k() _ min[¥x,g] Kk

X X n

Figure 4.13: k(x) liesin a sector.

Next we verify that whether G(s) can be decomposed in the form of Gy(s) + G, (9).
Let us choose asingle term %e“ls in G(s) as an example. We can decompose %e“ls in the
following way,

emns egmus_1 1
= + =
S S S
The second term is strictly proper, which satisfies the condition in Theorem 4.10.1. The
inverse Laplace transform of thefirst termisuft — ] — u[t], where u|t] isaunit step function,

thusitisclearly inL;[0, «).
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Finally, let us consider the Nyquist plot of G(jw). As shown in §4.4.1, the real
part of G(jw) always resides on the right hand side of the vertical linez= —S[L, 7 on the
complex plane. If gz{;m < 1, the Nyquist plot of G(jw) will stay away from the circle

determined by —g and —¢, see Fig. 4.14. Therefore, k'Sn v < Lisasufficient condition
to guarantee the stability of the system in Fig .4.5.

\

A &

4

Figure 4.14: Nyquist plot of G(jw) and the circle.
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4.10.3 Pseudo-code for Sources and Bottleneck Links

/* ABR SOURCE */
/* initialization */
count =0;
acr = MCR,
/* upon receiving a returned RM */
er = cell (ER); /* get the new feedback from Network */

/* send cells */

i f(now() >= schedul ed_cell _tine)

{
i f (count==0) /* time for sending RMcells */
{ /* and updating acr */
acr = acr + g*(now() - last_RM;
acr = mn(acr, er + MCR);
acr = mn(acr, PCR);
send_RM cel I ();
last _RM = now();
count ++;
}
el se
{
send_data_cel | ();
count = (count + 1) nmod Nrm
}
schedul ed_cel | _time = now() + 1/acr;
}
/* SWTCH */

/* upon receiving a forward RMcell */

n_on = update( RMcell(status) ); /* update the number of ON sources */
drift = -k*(q_length - g_target);
er = (link_rate + drift - neasured_VBR rate) /(mn(1,n_on));

/* conmpute the new ER */
/* upon receiving a backward RM cel | */

RMcel | (ER) = min(er,RMcell (ER)); /* stanmp ER on the backward RM */
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Chapter 5

Conclusions

In this dissertation we have discussed three important issues in the management of inte-
grated services networks. Below we summarize our findings.

e Admission control. We analyzed statistical multiplexing of deterministically con-
strained traffic. The rationale for using deterministic traffic descriptors is that such
parameters can be enforced and verified by networks. An upper bound on the over-
flow probability in a buffered link is derived based on the traffic descriptor, link ca-
pacity, and buffer size. Using this upper bound, one can design a conservative call
admission scheme which guarantees the QoS of established connections.

e Routing. We proposed a routing scheme which accounts for traffic mix and the ef-
ficiency of multiplexing in a multiservice network. Given the nature of statistical
multiplexing, the resource requirements of a connection are state-dependent across
network resources. Thusin principle we can exploit this dependence to achieve bet-
ter overall network efficiency. For example, we found that it is not always advanta-
geous for the VPs connecting a given source-destination pair to carry all traffic types.
To maximize the throughput, only a small number of traffic types, or homogeneous
traffic should be present on each VP. This suggests that in practice multiservice net-
works might end up looking like multiple logical networks which are segregated by
the service types.

e Flow control. We proposed an explicit rate flow control algorithm for ABR which
draws on measuring the current queue length, bandwidth availability, aswell astrack-
ing the current number of active sessions contending for capacity. Because the num-
ber of active connections are estimated by a simple scheme without using the per-
connection information, the complexity of the proposed algorithm is minimized. We
also considered the role that statistical multiplexing might have in managing bursty
ABR sessions.

Design issues. ATM networks are geared towards supporting and integrating a variety of

communication services which might broadly be divided into those based on reservation,
e.g., Constant and Variable Bit Rate (CBR,VBR) services and best effort services, such as
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Unspecified Bit Rate (UBR) and to some extent ABR services. To guarantee QoS as well
as to maximize efficiency, a general approach might be as follows. The aforementioned
call admission scheme can be used to determine a connection’s resource requirements and
to control the number of established connections in order to ensure the QoS of reservation-
based services. Since resource reservation is based on conservative deterministic traffic
descriptors, there will be a significant but varying amount of bandwidth for adaptive ser-
vices such asABR. In principle aflow control scheme can direct best-effort traffic to exploit
the available capacity, leading to an overall improvement in system utilization.

Whether this combination of conservative CAC with ABR services can achieve an
adequate utilization depends on the speed (bandwidth) and extent (i.e., propagation delays)
in the network. Indeed, consider a Wide Area Network having high capacity links but
large round trip propagation times. For such networks flow control may be sluggish and
ineffective. However, due to the large capacity links our conservative CAC scheme based
on crude traffic descriptors can achieve relatively high efficiencies. By contrast in a Local
Area Network with low round trip delays and perhaps lower link rates, the multiplexing
of reservation-based services would be less efficient. However, in this case flow control
mechanism can be very effective at exploiting spare capacity in the system. Thus we argue
that by considering the combined utilization that can be achieved in multiservice networks,
relatively crude CAC can be used without compromising efficiency.

Futurework. There are some issues discussed in this dissertation that deserve extension
and further investigation. It is natural to ask how the proposed call admission scheme
can be written as a simple formula in terms of the UPC parameters such as the peak cell
rate, sustainable cell rate, and burst tolerance etc. A simple formula is desirable because
it would greatly streamline the procedure of call admission. In addition, such aformulais
aso helpful in resource reservation.

We obtained some qualitative understanding on the routing issues in Chapter 3.
However, it is desirable to “quantify” these findings. For example, it is useful to be able
to analytically estimate the blocking probability based on traffic loads and link capacities
across the networks. Based on such an estimation, one can allocate appropriate VP capaci-
tiesin order to maintain desirable system performance.

A further open problemisto find the worst case traffic pattern subject to adetermin-
istic traffic descriptor. In Chapter 2 we considered an optimization problem and obtained
some properties of the possible solutions. It would be interesting to solve this problem since
this would provide atight worst case bound on multiplexing performance.

69



Bibliography

[1] E.Altman, F. Baccdli, and J. C. Bolot. Discrete-time analysis of adaptive rate control
mechanisms. Proc. 5th Int. Conference on Data and Communications, pages 12140,
1993.

[2] L.Benmohamedand S. M. Meerkov. Feedback control of congestion in packet switch-
ing network: The case of a single congested node. IEEE Trans. Networking, Vol.
1:694-708, 1993.

[3] P Billingsley. Probability and Measure. John Willey and Sons, New York, 1986.

[4] F. Bonomi and K. W. Fendick. Therate-based flow control framework for the available
bit rate ATM service. |EEE Network Mag., Vol. 9, No. 2:25-39, 1995.

[5] F. Bonomi, D. Mitra, and J. B. Serry. Adaptive algorithms for feedback-based flow
control in high-speed wide-are ATM networks. |EEE JSAC, Vol. 13, No. 7:1267-83,
1995.

[6] S. Borstand D. Mitra. Asymptotically achievable performance in ATM networks. To
appear in Advanced Applied Probability.

[7] D.D. Botvich and N.G. Duffield. Large deviations, the shape of the loss curve, and
economies of scalein large multiplexers. Technical Report DIAS-APG-94-12, Dublin
Institute for Advanced Sudies, 1994,

[8] JY. LeBoudec, G. de Veciana, and J. Walrand. QoS in ATM: theory and practice.
35th IEEE CDC, pages 773—778, 1996.

[9] JA. Bucklew. Large Deviation Techniques in Decision, Smulation and Estimation.
John Wiley and Sons, New York, NY, 1990.

[10] A. Charny, K. K. Ramakrishnan, and A. Lauck. Time scale analysis and scalability
issue for explicit rate alocation in ATM networks. IEEE Trans. Networking, Vol.
4:569-581, 1996.

[11] S. Chong, R. Nagargjan, and Y.T. Wang. First-order rate-based flow control with
dynamic queue threshold for high-speed wide-area atm networks. Proceedings of
SPIE Conference on Performance and Control of Network Systems, 3231:259-270,
1997.

70



[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

T.M. Cover and JA. Thomas. Elements of Information Theory. Wiley Series in
Telecommunications, 1991.

R.L. Cruz. A calculusfor network delay, Part 1. Network elementsinisolation. |IEEE
Trans. Inform. Theory, 37:114-131, 1991.

M. de Prycker. Asynchronous Transfer Mode Solution for Broadband |SDN. Prentice-
Hall, 1996.

B. T. Doshi. Deterministic rule based traffic descriptors for broadband |SDN: Worst
case behavior and connection acceptance control. Proc. 14th Int. Teletraffic Cong.,
6-10 June 1994 North-Holland Elsevier Science B.V,, 1:591-600, 1994.

A. Elwalid, D. Mitra, and R.H. Wentworth. A new approach for allocating buffers and
bandwidth to heterogeneous, regulated traffic in an ATM node. 1EEE JSAC, Val. 13,
No. 6:1115-1127, 1995.

A.l. Elwalid. Analysis of adaptive rate-based congestion control for high-speed wide-
area networks. |IEEE |CC' 95.

The ATM Forum. ATM User-Network Interface Specification Version 3.1. Prentice-
Hall, Englewood Cliffs, NJ, 1995.

C. Fulton and S.-Q. Li. UT: ABR feedback control with tracking. |EEE Infocom’'97.

A. Girard. Routing and Dimensioning in Circuit-Switched Networks. Addison-Wesl ey,
1990.

N. Golmie, A. Koenig, and D. Su. The NIST ATM Network Smulator Operation and
Programming. NIST, 1995.

R. Guérin, H. Ahmadi, and M. Naghshineh. Equivalent capacity and its application
to bandwidth allocation in high-speed networks. 1EEE JSAC, Vol. 9, No. 7:968-981,
1991.

S. Gupta, K. W. Ross, and M. El Zarki. Routing in Communications Networks, chap-
ter 2. Prentice Hall, ed. M. Steenstrup, 1995.

Ivy Hsu. Admission Control and Resource Management for Multi-Service ATM Net-
works. PhD thesis, Dept. of EECS, University of California, Berkeley, 1995.

J.Y. Hui. Resource dlocation for broadband networks. |EEE JSAC, 6:1598-1608,
1988.

J.Y. Hui. Switching and Traffic Theory for Integrated Broadband Networks. Kluwer
Acad. Publ., Boston, 1990.

R.-H. Hwang. LLR routing in homogeneous V P-based ATM networks. |EEE Infocom
95, pages 587-593, 1995.

71



[28] R. Jain. Congestion control and traffic management in ATM networks. Recent ad-
vances and a survey. Computer Networks and ISDN Systems, Oct., 1996.

[29] L. Kalampoukas and A. Varma. Dynamics of an explicit rate allocation algorithm
for available bit rate service in ATM networks. Technica report, UCSS-CRL-95-54,
1995.

[30] Howard Karloff. Linear Programming. Birkhauser, Boston, 1991.

[31] F.P Kelly. Routing and capacity allocation in networks with trunk reservation. Math-
ematics of Operations Research, Vol. 15, No. 4, 1990.

[32] F.P.Kelly. Effective bandwidths of multi-class queues. Queueing Systems, Vol. 9, No.
1:5-16, 1991.

[33] FP. Kely and C.N. Laws. Dynamic routing in open queueing networks:. Brownian
models, cut constraints and resource pooling. Queueing Systems, 13:47-86, 1993.

[34] E. W. Knightly. H-bind: A new approach to providing statistical performance guaran-
teesto VBR traffic. IEEE INFOCOM'’ 96 Proc., Vol. 3:1091-99, 1996.

[35] S.Q.Li and C.L. Hwang. Queue response to input correlation functions: Discrete
spectral analysis. IEEE/ACM Trans. Networking, 1(5):522-533, 1993.

[36] S. Low. Traffic Management of ATM Networks: Service Provisioning, Routing, and
Traffic Shaping. PhD thesis, Dept. of EECS, University of California, Berkeley, 1992.

[37] David G. Luenberger. Linear and Nonlinear Programming. Addison-Wesley, Menlo
Park, CA, 1984.

[38] D. Mitraand J. A. Morrison. Multiple time scale regulation and worst case processes
for ATM network control. Proc. of the 34th Conf. on Decision & Control, pages
353-357, 1995.

[39] M. Montgomery and G. de Veciana. On the relevance of time scales in performance
oriented traffic characterizations. |EEE INFOCOM' 96 Proc., Vol. 2:513-520, 1996.

[40] H. Ohsaki, M. Murata, H. Suzuki, C. Ikeda, and H. Miyahara. Rate-based congestion
control for ATM networks. ACM SGCOMM, pages 60-72, 1995.

[41] A. Papoulis. Probability & Satistics. Prentice-Hall, 1990.
[42] A.Romanrow. TCPover ATM: Some performance results. ATM Forun/93-784, 1993.

[43] A.Romanrow and S. Floyd. The dynamics of TCP traffic over ATM networks. |EEE
JSAC, 13, May 1995.

[44] M. Schwartz. Broadband Integrated Networks. Prentice-Hall, 1996.

[45] S. Shenker. Fundamental design issues for the future Internet. |EEE JSAC, Vol. 13
No. 7:1176-88, 1995.

72



[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

I. Sidhu and S. Jordan. Multiplexing gains in bit stream multiplexors. |EEE Trans.
Networking, 3:785-797, 1995.

R. Siebenhaar. Multiservice call blocking approximations for virtual path based ATM
networks with CBR and VBR traffic. IEEE Infocom 95, pages 321-329, 1995.

K.Y.SuandH. Y. Tzeng. Intelligent congestion control for ABR services in ATM
networks. Computer Communication Review, 24(5):81-106, 1994.

Jan van Tiel. Convex Analysis. Anintroductory text. John Wiley and Sons, New York,
1984.

M. Vidyasagar. Nonlinear Systems Analysis. Prentice-Hall, 1993.

J. Walrand and P. Varaiya. High-Performance Communication Networks. Morgan
Kaufmann, San Francisco, 1996.

D. E. Wrege and J. Liebeherr. Video traffic characterization for multimedia network
with adeterministic service. IEEE INFOCOM ’ 96, vol 2/3:537-544, 1996.

N. Yamanaka, Y. Sato, and K.I. Sato. Performance limitations of leaky bucket algo-
rithm for usage parameter control of bandwidth allocation methods. 1EICE Trans.
Commun., Vol. E75-B, No. 2:82-86, 1992.

Z. Zhang, J. Kurose, J. Salehi, and D. Towsley. Smoothing statistical multiplexing and
call admission control for stored video. |EEE JSAC, August 1997.

73



