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Improved Loss Calculations at an ATM Multiplexer
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Abstract—In this paper we develop a simple and accurate
analytical technigue to determine the loss probability at an access Source 1
node to an asynchronous transfer mode (ATM) network. This

is an important problem from the point of view of admission N cells
s .

control and network design. The arrival processes we analyze
are the Markov-modulated Poisson process (MMPP) and the Source 2
Markov-modulated fluid (MMF) process. These arrival processes o0 a0 |— I I
have been shown to model various traffic types, such as voice,
video, and still images, that are expected to be transmitted by
ATM networks. Our hybrid analytical techniquecombines results
from large buffer theories and quasi-stationary approaches to
analyze the loss probability of afinite-buffer queue being fed
by Markov-modulated sources such as the MMPP and MMF. Source S
Our technique is shown to be valid for both heterogeneousand ONONONS)
homogeneous sourcesWe also show that capacity allocation
based on the popular effective-bandwidthscheme can lead to
considerable underutilization of the network and that allocating
bandwidth based on our model can improve the utilization
significantly. We provide numerical results for different types of
traffic and validate our model via simulations.

ATM Server

Fig. 1. Sources arriving at a multiplexer.

and are efficient to the network. An important QoS measure
that we will study in this paper is thiess probability*
~ Index Terms—Admission control, bandwidth allocation, effec- We will develop a simple yet accurate hybrid model to de-
tive bandwidth, large deviations, loss probability, Markov models, termine the loss probability at an ATM multiplexer. The model
MMPP, queueing analysis. . . . )
under consideration consists of Markov-modulated sources
being served by an ATM multiplexer with (finite) buffer
|. INTRODUCTION capacityN and link capacityu:, as shown in Fig. 1. Markov-

HERE IS a large-scale effort being undertaken in botiyodulated arrival processes find many applications iﬂ com-
T the industrial and academic environments to design aRHer @nd communication systems. For example, special cases
build high-speed asynchronous transfer mode (ATM) ne?f this model are used to model voice, data, and video
works. These networks are envisioned to support high-spd&gffic sources, and appear in [1], [3], [4], [7], [9], [10],
real-time applications that will significantly impact not only13]: [16], [17], [21], [25], and [32]-[36], to cite but a few.
the scientific and engineering communities but also the generdlfortunately, thecurse of dimensionalityso appropriately
population at large. These applications will generate a varigtgmed by Bellman in his boobynamic Programming5]
of traffic types such as video, voice, still images, and dat4€ighs heavily on many branches of applied probability, and
each with their own quality-of-service (QoS) objectives th&tu€ueing theory is no exception. Hence, even for special
need to be met by the network. It will be the responsibilit§@S€s of this arrival process, solving for the loss probability
of the network admission controller to allow calls to enter th§ Computationally intensive and impractical, especially when
network only if it can provide them their negotiated QoS andf€ state space of the aggregate arrival process is large [8],
not violate the QoS guarantees of existing calls in the netwofd1]- This is usually the case in high-speed ATM networks
Accurate traffic modeling and analysis of the QoS parametéi§ce We may expect to have a large number of different
in the ATM environment will enable the admission controllefyP€S Of sources (especially the ones that individually consume

to make decisions that ensure the integrity of the traffic sourd@¥/ bandwidth) being served by an ATM multiplexer. Thus,
improving the computational complexity in such systems is a
topic of active research.
Our approach to solving this problem stems from our exten-
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decrease when the buffer size was increased beyond a ceriais probabilities. One of the main reasons why effective
range (called thecell regior). When applying the histogram bandwidth has become very popular in the literature is that
model to other less-correlated sources, we found that in the gelprovides an easy way of allocating bandwidth independent
region the model continued to predict the loss behavior wellf the number of sources being multiplexed [12], [15], [18],
however, for large buffer sizes it was not accurate anymoifg¢9]. For example, consider the following bandwidth allocation
To overcome this difficulty we have combined the quasproblem.
stationary analysis and results from large buffer theories intoFor each source, a constraint on the probability of losg!
one simple model called thieybrid model Using this model [as defined by (2)] is given by
we will show that the loss probability at a finite-buffer ATM
multiplexer can be efficiently and accurately determined. Pi <e A3)

The paper is organized as follows. Section Il provides a

literature overview and the motivation to study our proble hen f total itve h hould the bandwidth b
In Section Il we describe our problem in detail and defin en for a total capacity,,, now should the bandwi €
gocated such that the above constraint is met for each source?

a few parameters to be used in the paper. In Section IV W Effective bandwidth . latively simpl
develop our simple hybrid model to efficiently calculate the ective bandwi provides a refatively simple answer

loss probability at an ATM multiplexer for Markov-modulate 0 th'.s quegtlon. It says that we can IOO'.( at each source in
arrival sources. Specifically, we show how to apply thi olat|9n being fed byaqugue W|t'hacerta|.n papacny (that can
technique for arrival sources such as the Markov-modulat Va”ﬁd?{ Thﬁn’ for sourae we fw;)d the _rmmmumhcap;mty
Poisson process (MMPP) and the Markov-modulated flub‘ such that the constraint given by (3) is met. The effective
(MMF). Finally, in Section V, examples of the applicability of andwidth approximation further states that as long as

the model are demonstrated and the limitations of the classical

effective bandwidth approximations are discussed. Z Ci<u 4)

[I. OVERVIEW o ) _
none of the constraint$’; < e will be violated. In other

In the literature, the loss pro_bab||_|t§’L in a finite puffer words given that the bandwidth required to meet the needs of
queueing system (with buffer siz¥) is often approximated each source i€’;, the effective bandwidtlof all the sources
by P(Q) > N), the tail of the queue length distribution, in the bined is si “I 2 o Theref in the bandwidth
corresponding infinite buffer queueing system. combined is simply _; C; = C.g. Therefore, in the bandwi

For infinite buffer queueing systems, it has been Shov\z;AIocatlon problem, the only computationally intensive part is

in considerable generality that(Q) > ) is asymptotically to determlpe the cap'ac@i for each individual source. This is
exponential, i.e., why effective bandwidth appears to be such a tempting method

to use for bandwidth allocation. However, it is the simplicity
P(Q>N)~Ac™™ asN — . (1) of (4) which also exposes its main weakness, i.e., that since the
effective capacities add, it means that statistical multiplexing
Heren is a positive constant called tlasymptotic decay rafe gain, which is so important to the success of these high-speed
A is a positive constant called tresymptotic constantand ATM networks, is not exploited.
f(z) ~ g(x) means thatim, ... f(x)/g(x) = 1. Moreover,  Aittle thinking will convince the reader that the only sources
the asymptotic decay rate infiite bufferqueueing system is for which the capacities add as in (4) are Poisson sources.
the same ag in the equivaleninfinite buffersystem (which For all sources that are more variable than the Poisson source
is one more reason why the tail is often used to approximai@ost Markov-modulated sources will fit into this category),
the loss). adding the capacities in this way will prove to be conservative
However, it is usually computationally intensive to deterang wasteful of network resources since the aggregate source
mine A, the asymptotic constant in (1); hence, as we see\Wj|| be “smoother” than the original sources. Moreover, if the

the next section, it is sometimes ignored. sources are less variable than Poisson, adding the capacities
would result in the system being overutilized and lead to
A. Effective Bandwidth Approximation violations of the negotiated QoS parameters [6], [26].
The classical effective bandwidth approximation assumes!n Section V, using numerical results, we will demonstrate
that the constantt in (1) is 1, i.e., if we write (1) as just how poorly effective bandwidth can perform. We next de-
scribe Markov-modulated models in more detail, in particular
P(Q > N) ~ e ™WHls( ) as N — o the MMPP and the MMF models, and provide the motivation

for studying the loss behavior for these arrival proceskes.

should be noted here that although most works in the literature
Po~P(Q>N)~ec ™ asN — . (2) have focused on using the tail probability (in an infinite buffer

system) to approximate the loss in a finite buffer system, such
Although this approximation is logarithmically similar to thean approach could result in significant overestimation of the
exact loss probability [14], often the constaAt can be a loss probability. To avoid this problem, our method will be
fairly small multiplicative factor such as 10. In this case the to directly estimate the loss probability for Markov-modulated
approximation would certainly not be useful for any practicarrival processes.

then
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Modulating Process which studies multiplexeN-OFF sources by approximating
Transition rate =m, . the aggregate input process by means of a suitably chosen
two-state MMPP. Their model provides good insight but
is unfortunately limited to the multiplexedN—OFF case. In

[6], Choudhury, Lucantoni, and Whitt provide an interesting
three-term approximatiomo determine the tail probability of
the waiting timeW for independently identically distributed
(i.i.d.) oN—OFF sources, i.e.,

PW > z) = are” ™ + age” ™% + age ™ (5)

whereq; andn; are the asymptotic constant and the asymp-
Ag totic decay rate, respectively, in (1), while the other parameters
are chosen to match the different parameters and moments of
Fig. 2. A Markov-modulated source havirdg states.n»;; correspond to the the distributionP(W > ). This approximation for the tail
transition rates from staté to state;. Y of the MMPP can be computed much more easily than the
exact tail, but it still suffers from the computational complexity
involved in determining the asymptotic constant
B. Markov-Modulated Models 2) MMF: Another Markov-modulated source that has
A Markov-modulated source is governed by an underlyingeen extensively used to model various types of traffic is
continuous Markov chain, with state spaXe which deter- the MMF source. In the MMF information is generated
mines the current state of the source. An example of sucta@d processed as a continuous flow (fluid) at a rate which
source is shown in Fig. 2. In each state € ¥, the source depends on the state of the Markov process. The model
transmits information at a rat&; according to a stochasticgained widespread popularity as a result of the pioneering
process which we will call thenodulated procesd he sojourn work by Anick, Mitra, and Sondhi [2]. The advantage of this
times for each staté are exponentially distributed with meanmodel over traditional queueing models is that the numerical
—1/m;;. When each sojourn time is over, the Markov chainomplexity is independent of the buffer size [11]. However,
moves to a statg # ¢ with probability —m,;/m;;. Hence, unlike the case of the MMPP, where the discrete nature of the
m; is often called the transition rate from statéo state;. cells is preserved, the fluid is unable to capture the effect of
We next describe one of the most well studied Markowell variability. Hence, the fluid model is usually inaccurate
modulated processes, the MMPP, in which the modulatéer small buffer sizes and can be viewed as an approximation
process is Poisson. to the MMPP for large buffer sizes. Furthermore, as in the
1) The MMPP: The MMPP has been widely used tocase of the MMPP, when a large number of sources are
characterize different types of traffic such as voice, video, ahéing multiplexed, the computational complexity to estimate
still images [4], [6], [7], [11], [12], [16], [26]. In this model either the tail or loss probability can become prohibitive. In
cells arrive at a multiplexer according to a Poisson procel§ the authors provide a method to estimate the asymptotic
whose intensity depends on the state of a Markov processnstant in (1) based on the Chernoff bound. This method,
The fact that the modulated process is assumed to be Poisgalted the CDE approximation, could potentially be applied
allows for mathematical tractability. Moreover, the Poissoi® both homogeneous and heterogeneous sources. However,
approximation for the modulated process of the MMPP I8 [9] numerical results are only provided for identically
fairly good when a large number of Markov-modulated sourcekstributed sources.
are multiplexed, as is expected to be the case in an ATM
environment "
Heffes and Lucantoni [16] have studied the performance
of a statistical multiplexer whose inputs consist of packetized The Markov-modulated processes such as the MMPP and
voice sources and data and the server is allowed to be gen&t§IMMF provide a rich stochastic framework to model many
(MMPP/G/1 system). The superposition is approximated Wﬁerent types .of traffic sources. However, as we haV(_e seen,
a correlated MMPP which is chosen such that several BfmPler approximate techniques need to be developed in order
its statistical characteristics identically match those of tH@ reduce the computational burden. _
superposed process, and matrix analytic methods are usefir analyzing the loss probability, the system we consider
to evaluate system performance measures. This techniqu€9gsists 0fS° Markov-modulated sources being served by an
shown to have good results in determining the mean de;%’vl multiplexer with buffer sizeN' and link capacityy:, as
in the queue but is not as accurate in determining the qu wn |n_F|g. 1 earlier. We next define a few parameters to
delay distribution. In [4] Baiocchét al. provide a technique P& used in our analyses:

Modulated Process

Rate = }‘1

. PROBLEM DEFINITION

A
5 _—
2|t should be emphasized here that assuming that the entire arrival streant Z state space of sourcg
is Poisson is derrible approximation for such highly variable sources [26]. B() = total number of states corresponding to sousfce
However, approximating only the modulated process as Poisson turns out to, (s) A .
provide good results, especially when there are a large number of sources®; : ?‘rr'val rate generated by soursevhen source
being multiplexed. s is in statey;
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Slope predicted from

Cell Region .
Predicted by histogram model the modulating process

Burst Region Loss

%

I
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Buffer Size Buffer Size Buffer Size
(@) (b)

Loss

Fig. 3. Cell and burst regions. The loss plotted on thexis is on a log
scale while the buffer size plotted on theaxis is on a linear scale.

A/ Two curves are joined

oo 2 {)\](»S)| j € o*}—arrival rate vector of source; Loss N
mgj) 2 transition rate from stateto statej for sources;
M®) 2 infinitesimal generatoof the underlying Markov i

chain of sources; Buffer Size
p® =2 stationary probability of sourcebeing in state; ()

T
15’(5) é {P4(S)|i c O'S}, the Stationary probabi”ty vector Fig. 4. (a) Determine the loss using the histogram model. It will be accurate
corresz onding to state only in the cell region. (b) Determine the slope of the burst region which will
P g ’ be determined by the modulating process. (c) Connect the two curves at the

i 2 arrival rate corresponding to stateof the point at which the negative of the slope of the cell region is smaller than that
histogram of theaggregatesource; of the burst region.

F; 2 probability of being in staté corresponding to
the histogram of theaggregatesource; Our approach to solving for the loss probability takes

B 2 total number of states of the histogram of th@dvantage of the fact that the loss in the cell region and the
aggregate source; slope of the loss in the burst region can be easily determined.

E()\) 2 (average) arrival rate of the aggregate source We then simply determine the point of transition and connect

We will develop a simple analytical technique to determinf'® two curves. We describe our metho_dology n t_hreg different
the probability of loss at &inite-bufferATM multiplexer. The steps. The steps are also graph_|cally ilustrated in F'g'_ 4
sources that we will consider in this paper are the MMPP Step 1 In this step we determlnBLccn(N), the probability
and the MMF. Our goal is to be able to efficiently handi@f 105s in the cell region for buffer sizev. The way to
homogeneougi.i.d.) as well asheterogeneougindependent, splve for the loss probability in the cell region is to let the

but not identically distributed) sources being multiplexed. WEMe spent in each state go to infinity, (is.)e., let the transi-
next describe our hybrid model. tion rates of each source go to zero fn;;’ — 0 for all

1,7 € o®). In this way, if the process is in an overload
state, it will continue to remain in that state forever, and
IV. HYBRID MODEL increasing the buffer size will not significantly impact the
It is well known that for Markov-modulated arrival pro-Probability of I_oss. In this situation the _probgbility of loss
cesses and deterministic servers there are typically two m&@ be determined by a well-known quasi-stationary approach
regions in which increasing the buffer size reduces the céfilled the histogram decomposition approximation [31], or the
loss—the “cell region” and the “burst region,” as depicted igeneralized histogram model (GHM) [26], [27]. The idea is
Fig. 3. In the cell region the main component of the loss ra@s follows. A rate histogram is determined for each Markov-
is the cell variability within the modulated process. As th&odulated sources. This histogram can be represented by
buffer size is increased, this variability gets absorbed and t#e doublet ), P(+)) defined in Section IIl. Ther-axis
loss rapidly decreases. In the burst region the loss due to édlithe histogram corresponds to the arrival rate in state
variability is negligible and the loss is caused mainly due twhile the y-axis corresponds to the stationary probability of
the fact that the rate in one or more of the states is greal&ing in state: (¢ € o). Since the sources are independent,
than the link capacity. (in other words, the loss is causedhe histogram of the multiplexed (or aggregated) source, with
by the overload states). Létbe the asymptotic slope of theaverage raté&/(\), can be determined as &hrfold convolution
burst region; then it follows that is simply the negative of of the respective histograms. (If the number of sources being
the asymptotic decay ratg shown in (1), i.e..,§ = —n. For multiplexed is large, by the central limit theorem we can use
the purpose of our hybrid model we assume that the slopetbe Gaussian approximation and then need only to add the
the entire burst region i§, i.e., the loss in the burst region carmean and variances of the individual histogram to perform
be modeled by a single negative exponential with parandetethe equivalent convolution. The aggregate histogram can then
[similar to (1), but the constant multiple may be different]. Idbe drawn from the Gaussian distribution.) The states of the
Section IV-C we will see that corresponds to the dominantaggregate source are combined such that the total number
eigenvalue of a matrix. of states of the aggregate histogrark;, ;) is no greater
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than some maximum numbé®. After extensive simulations The fluid model can be thought of as approximating a
we have found that 20 states are sufficient to model théarkov-modulated deterministic process (MMDP), where the
aggregate process, and further increasing the number of statdis corresponding to a given state arrive equispaced. Hence,
does not result in a significant change in the probability dfz.(V) is the loss probability in & /D/1/N system with
loss calculations. This is consistent with the results in [28rival rateX; and service ratg. It can be readily shown that

and [31]. for such a system, the probability of lo$3,, (V) is given by
Using the aggregate histogram and applying the loss formula A\
from [27], we have 1- 2 if = >1
5 PL.(N)= Ai e forall N. (7)
P (N)= ﬁ Z P, (N)P); (6) 0, otherwise
i=1 Since P, (N) can be determined so compactly, we apply (6)

where Py, (N) is the probability of loss conditioned on thet® obtain
arrival being in state. 1 B 1

The probability of lossPr_,(N), as predicted using the P (N)= m Z AP <1 — —) (8)
histogram model, will level off with increasing/ [Fig. 4(a)] i=1 pi
for any general Markov-modulated source, as long as the peak
rate of this source is greater than the capacity (which is there p; = \;/u. Also, since the fluid source assumes a
situation we are interested if)n other words, as long as  constant arrival rate, the cell region is only a point on the
y-axis, and the cutoff point is given b, = 0. Hence, the
probability of loss in the burst region (which in this case turns

Py, (N) asymptotically approaches a value which is constafit't 1 e the overall cell loss) is given by
in N. The proof of this property is shown in [29]. We wiill 1 B 1
make use of this property to determine the entire loss-bufferP, = Py, ,(N) = =~ > AP <1 - —)e_‘SN. 9)
curve. B = pi
Step 2: The next step is to determine the buffer siXg,
shown in Fig. 4(c), which is the point at which the transitiomere, it is instructive to compare (9) to the CDE approximation
takes place between the cell and burst regiaNs. is the in [9], since both of them are single-exponential approxima-
maximum buffer size at which the slope of the cell region igons. The exponential decay rate is the same in both cases.
still steeper than the slope of the burst region. Hence, since thge difference in the two approaches is in evaluating the
slope of the cell region at some buffer sizés (approximately) probability whenN, = 0 (i.e., the terms preceding the expo-
(log[Pr.., ()] = log[ P, (z — D)])/[x — (z — 1)] nential). In the CDE approach the authors propose to compute
N — this y-intercept, what they call the “loss in the bufferless
o =max N . . o
system,” by determining the stationary probability that the
such that arrival rate of the aggregate source exceeds the capacity
They estimate this probabilityusing the Chernoff theorem,
10g[Pr o (N)] = og[Pron (N + 1)] 2 7. and provide a refinement to approximate this probability
Heren = —§ is the asymptotic decay rate. when . — oo. A detailed comparison of our scheme with
Step 3: In our modelPy, ,(N) the loss probability in the the CDE approximation has been conducted at Lucent Bell

;;;;;;

burst region as a function of the buffer si2&is of the form Laboratories by Panchat al. [22]. They have found that

of a negative exponential with parameter (slopeilso from the hybrid model is computationally simpler and typically
Step 2 we can determine the buffer si¥g and the probability provides more accurate estimates of the loss probability than
of loss P, (INo) at which the transition from the cell regionthe CDE approximation. Numerical studies on our part have

Ai> Iz

max A; > [t
?

)\i; H

to the burst region takes place. Therefore resulted in the same conclusion, which is to be expected
S(N—No) since the CDE approximation focuses on estimating the tail
Pry..(N) = P, (Noe ° probability, while our approximation focuses on estimating the

To determine the entire loss curve, all we now need to fii@SS Probability in a finite-buffer system. _
is P, (), the probability of loss conditioned on the arrival In the case of the MMPP the arrival process corresponding

being in state, ands, the slope of the burst region. to each state of the aggregate histogram is Poisson. Hence,
' ’ Pp.(N) can be determined by solving for the loss in an

A. DeterminingPy, (N) for MMPP and MMF Models M/D/l/N system W'Fh arrival rat.e\i and service ratq. .
! ) ] . This can be accomplished by using the standard technique
We assume that the arrival rate in statef the aggregate of approximating the service rate by an Erlang distribution,
source histogram is;, the probability of being in statéis ang solving the corresponding equations derived from the

F;, and the total number of states 8 We next determine continuous-time Markov chain representing the number of
Pyp. (N), the probability of loss conditioned on statef the

. 2 “ . i

aggregate histogram, for the MMF. It should be noted that the “loss in the bufferless system” in [9] can be
9greg 9 directly estimated by using our approach by settf\g\) = 1 andA; =1 in
3This condition is often considered the nontrivial condition. the prefactor ternﬁ:’f:1 A Pi(1—1/p;) of (9).

A;>p
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packets in the system. We have also derived a compact ex@ctDetermining the Slope of the Burst Regibn

kets in th We h Iso derived xactD ini he Sl f the B Regib

solution for the loss in ad//D/1/N system [23], as in (92),  The (asymptotic) slope of the burst regi6iis independent

shown at the bottom of the page. of the modulated process; hence, the following analysis is valid
OnceP,,(IV) is determined, we can follow Steps 2 and 3 tg, 4y Markov-modulated source. Determinifigor equiva-

get.l’r, the overall loss in the queueing system. Since the 1083y, the asymptotic decay rate) has received considerable
in the M /D/1/N case is more computationally complex thalyention in the literature [2], [11], [12], [14]. Here we present
the D/D/1/N case, solving for the loss in the MMPP casg, gutline based on the work in [11 and [12].

requires more computations than in the MMF case. However,~gnsider again the system of Fig. 1, where the statistical

the buffer size(s) for which we need to calculate this valyg, iiplexing system consists of a buffer which is supplied by
of loss will be relatively small (only in the cell region) andy 4ious statistically independent Markov-modulated sources
therefore, this increase in complexity over the fluid case willy\eq by a channel of constant capagityLet the aggre-

not be that significant. Mqreover, if necessary, one could uﬁﬁte Markov-modulated source with state spatgenerate
a fast approximate technique for the loss in &Y D/1/N information at a rate; in statei(i € ). Further, let
system (such as the one developed in [26] which has provi(rdrgdg v

a good match with simulations over a broad spectrum of traffic _ {As|s € 2} and the rate matrbd £ diag(). Let M
pe?rameters) P denote the irreducible generator of the aggregate source. Then

Also note here that the limiting value fdf_ (), under the aggregate source is characterized ¥, \). Let I denote

. i, the identity matrix; then it can be shown thats simply the
E:\r/ll)(: gczgiragli\(/:gr? dtlgo(rés), ?I_?:IJS lisstgﬁ O\C?rtuﬁf%g](]v) for the smallest negative eigenvalue of the matif( A — p)~* [11].
| | However, this matrix could easily be composed of hundreds to

tens of thousands of rows depending on the number of sources
B. A Brief Discussion on the Convexitylog Pr_, (N) multiplexed. Fortunately, the complexity of the calculation can

In the context of determiningV,, in the MMPP case, it be substantially reduced if we do not lump all of the sources

. . AL together [11], [12].

1S instructive o study whethef (V) = log Pr,, (N — 1) — Thus, suppose that there afe sources characterized by
log Py,_,,(N) is a decreasing function a¥ (or, equivalently, (M) X(’“)) k=1, S (whereM™® andX® are defined
whether the_values ofog Pr_ (V) fall on .the grap_h of a > . é i ’ III_L7TA<’“7) — dine (XY It then be sh
convex function ofV). We conducted extensive experiments %S in Section Ill). Le - Tag( ). It can then be s own
which we used different parameters for the MMPP and four? até can .be found by solving for the root of the equation
that f(N) was, in fact, a decreasing function of in all of See Elwalid [11]),

the cases tested. However, it was difficult to do a completely _

systematic study in this case since there were many parameters 91(0) +92(8) 4+ 95(8) = . (10)
one could vary, e.g., the number of states of the MMPP, thgereg, (5), the eigenvalue with the greatest real part, is found
state transition rates, the utilization, etc. Hence, we also trigd solving the inverse eigenvalue problem

a different approach. Note that for an MMPP arrival process,

Py, (N) for anyi is obtained by calculating the loss probabilitygk(6)¢(’“)(6)

in an M/D/1/N system. It can easily be shown that if the Lk k k _

values oflog Pr.(N) fall on the graph of a convex function =9 (A( )— M )/6)’ T
of N, then the values dog Pr_,(N) also fall on the graph
of a convex function ofV [20]. This means that we only need
to check whether the loss probability in &/D/1/N system
is a convex function ofV. For experimental verification, we

Note thatg(6) are strictly decreasing functions with values
between the mean and peak rates of soutcfl?], thus
assuring a unique solution to (10). We can solve for (10)
by using standard iterative root-finding techniques (such as

variedp from 0.3 to 0.99 in 0.01 increments, and for eachie ) .
varied the buffer size from five cells to 1000 cells. We founH“? i\lewton s method), V\.'h'Ch have be_en found to work very
efficiently. Next we consider two special cases.

that in almost all of the cases (except for a few cases at veryl) Homogeneous Sourcest all of the sources are homo-

low utilization) the log of the loss probability fell on a convex ti? $ — oo(s - B ) and. therefor

curve. Further, even for those cases, the points were very clﬁfgeous’ em1(é) = g2(8) = -+ = gs(9) and, therefore,
[

. .. . . " I
to falling on a convex curve. This implies that inaccuracies ) reduces to

the hybrid model will not be due ttwg Pr_,(N) not being (8) = I
a convex function ofV. g0 =g

- Jp: . fN=1

Pi
Pr (N) = LN () 1=kAN ki (L~ 1= RN - 9
(V) 1= (14 Z( ) e (kp;) (9a)
' (-1 —k+N)!
1— k=1 if N >1

Pi ’
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Working backward, and substituting the above equation in 1
(11), we get
£ 90 (6) =g ()(AD — MO /o) oA
4 o
¢ () (A(l) _ %]) =W (MW /s 2 107 x«.* \ o
s [T #ye
W yyO[a® _ B 12 A S Fluid Approx. 1
i [ S } (12 210'3- \"::f-‘.:.::z.\/\ 1
Therefore$ can be found directly by solving for the dominant L """“:-"--'f-:.::::\-- ]
eigenvalue ofM/ (W [A®M) — ;,/S1]~1. In other words, if there 1ot Lo S omen w085 tTT
are S Markov-modulated sources being served by an ATM --- Analy: 50srcs, rho = 0.80
multiplexer, we can find§ of the multiplexed system by s + Sim: S0srcs, rho = 0.80
solving for the slope of one of the sources in isolation with 1076750 100 150 200 250 300 350 400
the capacity decreased by a factor%f Buffer size
2) Groups of Homogeneous Sourcds: many cases the @)
sources that are fed to the multiplexer may not be all
homogeneous or heterogeneous but something in between, 1 i
i.e., there may be, for exampldy heterogeneous groups 5 raly: 100arca, tho = 095
each containingn; (¢ = 1, ---, K) homogeneous sources, 10" Analy:1003r::s,rho=0.80
such that> " m; = S. In this case too we can reduce AJH + Sim: 100sres, ho =080
the complexity in determiningé over the completely 2 107 L4
nonhomogeneous case by rewriting (10) as £ ‘h )
g 4 e Fluid Approx.
m1g1(0) +ma2g2(6) + - +mrgr(6) =p  (13) SO e
and appropriately modifying (11). The# can be found by 104t
applying Newton’s method (or some other root finding tech- I
nique) to (13). 5
076 50 100 150 200 250 300 350 400

Buffer size

(b)

V. DISCUSSION AND RESULTS

We will now illustrate the salient features of the hybrid. . . . .
. . . . Fig. 5. (a) 50 multiplexed voice sources and (b) 100 multiplexed voice
approximation. The experiments involve a number of Sourcﬁjrces. In the figures “rho” corresponds to the link utilization.
that can be analytically modeled by an MMPP that are served
by an ATM multiplexer as in Fig. 1. The fluid model is
identical to the MMPP except that it is unable to capture theith samples encoded into 8 b [24]. Hence, in tbe&-
cell variability due to multiplexing in theell region Hence, state ATM cells are generated periodically at a rate of 170
to not overly clutter the figures, we mostly focus on analyticakells/s. For the analytical model we consider each voice
comparisons here with the MMPP sources. However, sinseurce as a two-state MMPP with the same parameters as
large buffer behavior is important for many applications, wihe simulation. The loss probability is then determined via
also show some examples to illustrate the accuracy of ther hybrid technique. In Fig. 5(a) and (b) we show results for
simple fluid approximation given by (9). 50 and 100 multiplexed voice sources, respectively. It can be
Since simulation results cannot validate our model at veopserved that the simulation and analytical results match quite
low loss probabilities, we use the experimental parametergll. Notice that, for the same utilization (denoted by “rho”
in [6] (where they have computed the exact tail) for sucim the figure), the loss—buffer curve in the burst region for 50
validation. We show that the hybrid model captures the lossurces is parallel to the equivalent curve for 100 sources. The
probability quite well. Further, we show that the asymptoticeason for this behavior is that the sources are homogeneous;
approximation from (1) may provide a poor lower bound thence, at the same utilization, the slapshould be constant
the loss under some circumstances. We also show that with respect to the number of sources multiplexed. Of course,
effective bandwidth approximation is quite conservative aras can be observed, statistical multiplexing does help provide
we develop a simpleule of thumbfor determining how good a lower loss—buffer curve for the “100”-source case over the
it will be for a particular set of traffic parameters. “50"-source case. Also observe that the fluid approximation,
Example 1:In Fig. 5(a) and (b) we show analysis versugredicted using the hybrid analytical technique, is quite good
simulation results for multiplexed voice sources. For owxcept for very small buffers. In fact, we have tested the fluid
simulation results, each voice source is modeled by a twapproximation for many other sources as well, and have found
state Markov-modulatedNn—OFF process, in which the amountit to be usually quite accurate for buffer sizes larger than about
of time spent in theoN and OFF states is exponentially 100 cells. Also note that, as would be expected, the analytical
distributed with mean 0.4 and 0.6 s, respectively. With normfiliid and MMPP approximations are closer when the slope of
speech encoding, the voice process is sampled e\&ry:s, the burst region is shallower.
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Fig. 6. Loss versus buffer size for JPEG video sources that are randomly Buffer Size
smoothed and modeled as MMPP sources. These sources are so choserp;@ay A large multiplexed system: 1100 voice sources and 45 video
they have a relatively fast change of rates. sources. The video sources are divided into three heterogeneous groups. The
arrival rate for each voice source is 170 cells/s and the arrival rate for each
video source is 3538 cells/s (1.5 Mb/s).
Example 2:In Fig. 6 we consider intraframe JPEG-

encoded video sources being statistically multiplexed at an

ATM link. Actual traces of the encoded movie Star Wars 0

have been used for the simulatiosve video sources were 10

specifically chosen with the shortest correlation intervals so Wb ~ 7 Hybrid Model ]
that one could observe a decrease in the burst region with T Patseon # Bprox. 1
increasing buffer sizesEach source isandomly smoothed g 1§ " Band! pprox| |
over one frame before being multiplexed, i.e., the cells in each 5 1
frame are spread over that frame using a uniform distribution 16°

[31]. For the simulation, each source is obtained from different :

parts of the movie and, hence, are not identically distribfited. l(jsr? .
For the analysis, each source is modeled by a 20-state MMPP, . . . LTl
and the generator matrix, rate, and the probability vector are 0 100 200 300 400 500 600

determined directly from the real sources, as in [30]. We Buffer Size
use our hybrid technique to model the resultant system th@. 8. MMPP source—tail and loss probability methods. Comparing our
is formed by multiplexing heterogeneous MMPP sources. #nalytical hybrid modelfor determining loss to thexact tail distribution

: three-term approximation modethe Poissonmodel, and theeffective
this case th,e total number Of, States,Of the rggultant aggre dwidth modefor a system with 24 multiplexedn—OFF sources.
Markov chain could be as high as 22(8.2 million states!).
However, we combine the states as was described in Section

IV-Ainto a total of 20 states. Once again, the results indicafgies are fixed, the utilization in Fig. 7 is varied by changing
a fairly close match between the analysis anq S|m.ulat|ons. the link rate u. The analysis versus simulation curves are

Example 3:In the next example, shown in Fig. 7, wepiotted for utilizations of 0.89 and 0.82, and match quite well
consider an experiment involving a large number of sourcgsspecially considering that this is a large multiplexed system).

being served by an ATM multiplexer. The arrival procesgnce again, the MMF approximation is quite good, except for
consists of 1100 voice and 45 video sources. The voice SOUrggsy small buffers.

have the same statistics as in Fig. 5. The video sources can bExampIe 4: One of the problems with simulations is that

classified into three heterogeneous groups; each group Congi§tS cyrrently infeasible using today’s high-performance com-
of the superposition of 15 homogeneous 20-state MMRRjters to obtain values of loss in the range of 1@r lower

sources. The sources in the three different groups derifghich is the loss that is often expected for many applications
the|rstat|st|cs_ from MPEG-l sequences c_orrespondmg to thriﬁeATM) without using some form of importance sampling
different movies following Skelly's matching procedure [30]iechniques. Hence it is difficult to validate our hybrid model
For the analysis, the slope of the burst region is determinggnese |ow loss probabilities. Therefore, for our next example,
by using (13). The arrival rate for each voice source is 140 rig. 8 we consider a scenario from [6] in which the exact tail

pells/s (64 kb/s), and the arrival rate for eaqh video SOUrgeobabilities have been analytically computed. For examples
is (approximately) 3538 cells/s (1.5 Mb/s). Since the arrival g the mean service time of a cell is normalized to 1. Further,
5 ) , cells are generated by each source indheperiod at a peak

In [27] we show that JPEG sources typically tend to be so highly correlated
that even large increases in buffer sizes have marginal decreases in e p . .

probability of loss. This is why it is so convenient to analyze them using For this experiment, 24 sources are served by an ATM
the histogram decomposition approximation. Even though care was takemfg)ltiplexer. The meaN time of each source is measured in

ick fi ith the shortest lation, it be ob: df Fi .
ﬁ:;t t;]f;j’r‘;{"fezivg'n is ;uisteosrhzs”o(\:,a"ea'on ft can be observed rom M9te mean number of cells (60 cells) that are generated during

6This is especially true for variable bit-rate video traffic which is nonstat-_he ON du_rat|on at a peak ra_tp. Slmllarly,_ the meanorr
tionary. time duration of each source is measured in the mean number
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Fig. 9. MMPP source—tail and loss probability methods. Comparing offig- 10. Multiplexedon-orr sourcesy = 0.7. This figure shows that the
analytical hybrid modelfor determining loss to thexact tail distribution ~effective bandwidth approximation can be quite poor even for reasonably

the three-term approximation modethe Possionmodel, and theeffective high utilizations.
bandwidth modefor a system with 60 multiplexedn—oFF sources.

tail probability in (1) will be smaller in this example than
of cells (600 cells) that could have been generated at a raiethe previous case.) From Fig. 9 we can also tell that our
p during theoFF state duration. The peak rage= 0.1375, hybrid model once again predicts the exact tail reasonably
and 24 such sources have been multiplexed resulting in a liwkll. On the other hand, ththree-term approximatiomoes
utilization of 0.3. Thethree-term approximatiorf5) and the not do as well and is a lower bound, off by about four
exact tail are reproduced in Fig. 8 directly from [6]. In therders of magnitude. The effective bandwidth approximation
“small buffer” region we would expect the tail to be an uppeis extremely conservative, off by six orders of magnitude! It is
bound to the loss, and the hybrid model predicts just that. imeresting to note here that the asymptotic consthaof (1) is
the large buffer regime, for such small utilization, one wouldf the order of 1012 and that using (1) for the tail probability
expect the loss to be almost the same as the tail; however, hgoaild give us a straight line coinciding with the burst region
we find that the hybrid model predicts a conservative bournd the three-term approximatio6]. This suggests that the
to the tail. The reason for this is that in this experiment th@symptotic approximation in this particular case is also quite
other eigenvalues of the matrid (A — pI)~* discussed in bad for the range of probabilities that we are interested in for
Section IV-C play a more significant role in determining th&TM networks (typically between 1T¢F-10"°).
slope of the burst region and it requires a much larger bufferExample 6: The effective bandwidth approximation is often
for the slope to approach that of the dominant eigenvalusonsidered to be reasonably good at higher utilizations [6],
This effect is not taken into account in our hybrid schem@?2]. We have so far only compared it when the link utilization
which is based on the cell-burst region model of Fig. 3. Stilis relatively low. However, with the help of this next example,
our predicted loss curve is only conservative by at most ave hope to eliminate another misconception about this approx-
order of magnitude, which is considered reasonably accurataation. In this example we keep the link utilization constant
(Remember that at high utilizations the tail approximatioat 0.7, while we vary the number of homogeneous sources
is often over an order of magnitude more than the lossgrved by the link. The utilization is kept constant by varying
The three-term approximatiomurns out to be a lower boundthe peak rate of theNn—OFF sources to give different loss
but also predicts the tail quite well. The effective bandwidtliersus buffer curves. The average number of cells generated
approximation is off by about four orders of magnitude anith the oN and oFrF time of each source is kept at 100 cells.
the Poisson approximation is completely invalid. Remember that the effective bandwidth approximation only

Example 5:In the next example (again taken from [6])depends on the value cof, the slope of the burst region,

shown in Fig. 9, the number of sources being multiplexadhich is independent of the number of homogeneous sources
is now increased to 60 while keeping the slope of the budséing multiplexed. Now, in Fig. 10 we find that when the
region and the utilization the same. Therefore, we decreas@mber of sources being multiplexed at the link is very small
the peak rate of each source to 0.055 and the link rate(anly five sources), the effective bandwidth approximation
kept the same at one. For the slope of the burst regiondives a reasonable upper bound to the loss. However, as
be the same, the average number of cells generated in the number of multiplexed sources is increased, the effective
ON period is still kept at 60 cells and the average numbéandwidth approximation becomes worse. When 110 sources
of cells that would have been generated in ther period utilize the link, the approximation is off by a factor of
(if the source were transmitting at its peak rate) is still keeven orders of magnitude. Similar results can also be shown
at 600 cells. Once again, thtree-term approximatiorand at higher utilizations. The following is an approximate rule
the exact tail are reproduced in Fig. 9 from [6]. As expectethat determines the effectiveness of the effective bandwidth
because the number of multiplexed sources is increased frapproximation.
the previous example, while the utilization is kept constant,Rule of Thumb for the Effective Bandwidth Approxima-
the loss probability for a particular buffer size is smaller ition: A sufficient requirement for the effective bandwidth
this case. (In other words, the asymptotic constantf the approximation to be bad is that the probability of loss at
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accurate as well as computationally efficient. An important

— Our Model Lo : ) o
P Mode ndwidth contribution of our work is that its applicability encompasses

heterogeneous sources as well.

We have also shown that the effective bandwidth technique
that has become very popular because of its simplicity can in
fact lead to considerable underutilization of the network. The
accuracy of the effective bandwidth approximation depends
on the type of sources being multiplexed, the number of
sources being multiplexed, and the utilization at which the
multiplexing takes place. We also provide a rule of thumb
for determining when this approximation is good and when it
is not. In most realistic cases we believe this approximation

0 0 1(')0 2(')0 200 will be quite poor and we have shown many cases to support
o this belief. The Poisson approximation to the superposition of
Capacity in Mbps . . . .
Markov-modulated sources is mainly invalid (except for some

Fig. 11. Number of video calls that can be admittedcases for very small buffers).

Fenares temovevation i T e aen someea - """ The hybiid model provides very encouraging resuls but
needs more investigation and theoretical validation. For some
types of sources, the effect of the other eigenvalues may not

the point of transition between the cell domain and thdisappear until the buffer size is fairly large, as was shown

burst domain must be significantly smaller than one. It ia Fig. 8. For such sources, the hybrid model provides a

important to note that this probability is approximately givegonservative estimate, although still more accurate than the

by the right-hand side of (8). The reason is twofold: firskffective bandwidth approximation. Also, for future work, we
because the probability of loss due to cell variability ahtend to find rigorous conditions under which the hybrid
the point of transition has so diminished that beyond thiaodel always predicts an upper bound. The difficult step here
buffer size the loss due to the burst dominates, and secoprdio derive necessary and sufficient conditions for which the
because the probability of loss given by (8) correspondi®g of the) exact loss probability curve, shown in Fig. 3, is
to the loss when there is no cell level variation in theonvex.

arrival process. Hence, using (8), depending on how closeAlthough we have only analyzed the MMPP and MMF

the value of[(1/E(\) "1 AiP(1—1/p;)] is to one, will models here, it should be clear that the approach can be

roughly determine the g&:ﬁﬁracy of the effective bandwidgpneraliz_ed to other Markov-modula_ted sources. Preliminary
approximation. results with gene_ral dOl_Jny s_toc_has_tlc sources that allow for

Example 7:In Fig. 11 we compare the number of vided'onexponentiasojourn time distributions in each state using
sources that can be accommodated into the network using Bif hybrid model have also been quite promising.
technique and the effective bandwidth scheme. The constraint
on each call is a maximum probability of loss of ) and the
size of the multiplexer buffer is 1000 cells. We compare the REFERENCES
effective bandwidth results with the loss calculated using our L o
model (a 20-state MMF source is used to describe each JPEG N Akar and Erﬁjtrimiér’v?gfgc_n}gcélgaglt_jo%eé'ggﬁﬂ%g'\k’{%'ugtrgﬁf’ss
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