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Abstract 
Recent work shows that there exists long-term correlation in data and video 
traffic. Since data and video are major traffic components of ATM networks, 
it is important to understand impact of traffic correlation on ATM network 
performance. However, simulation-based approaches may be costly and time
consuming because of the large correlation time. This paper presents a solid 
analysis of performance impact of long-term traffic correlation. The main in
sight gained is that long-term traffic correlation may cause network perfor
mance to degrade catastrophically. Therefore, it may be necessary to develop 
traffic control mechanisms to take traffic correlation into account effectively. 
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1 INTRODUCTION 

Recent work shows that there exists long-term correlation in traffic of both 
local and wide area networks, not only in traditional data traffic but also in 
newly emerging video traffic. Long-term traffic correlation concerns especially 
network performance, since long-term traffic correlation implies that during 
a long time, the amount of traffic would be greater than its average level. 
Traffic with long-term correlation has already attracted intensive research ef
fort (Garret et al. 1994, Leland et al. 1994, Willinger, et al. 1995, Paxson et 
el. 1994). Since data and video are major traffic components of ATM networks, 
it is important to tmderstand impact of traffic correlation on performance of 
ATM networks. However, this problem is considerably challenging. On the one 
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hand, the correlation structure due to self-similarity in Ethernet data traffic 
and video traffic implies that the autocorrelation function decays less than ex
ponentially fast (Garret et al. 1994, Willinger, et al. 1995, Leland et al. 1994), 
which may force us to give up the Markovian property if we insist on taking 
the correlation structure of self-similar traffic into account in our analysis and 
may therefore cause the analysis to become intractable. On the other hand, 
simulation-based approaches with accurate traffic models may be costly and 
time-consuming because of the large correlation time. We choose to use an 
analytical approach. In order to gain basic insights into the problem while still 
keeping the analysis tractable, some compromise may be necessary. Therefore, 
in our analysis, we use a traffic model that concerns only long-term traffic cor
relation while not taking the correlation structure of self-similar traffic into 
account. In general, correlated traffic, especially traffic with a slowly decay
ing autocorrelation function, may only degrade network performance, since it 
would result in a heavier network load in a longer time. We argue that for 
network performance degradation induced by traffic correlation, only long
term traffic correlation is necessary and sufficient while detailed correlation 
.,tructure in traffic such as self-similarity may be sufficient but not necessary. 
In fact, the analysis results presented in this paper have already validated the 
above statement. The above compromise allows us to obtain a complete an
alytical solution and hence gain important insights into performance impact 
of correlated traffic. 

Our analysis is based on catastrophe theory (Thom 1975), since with con
ventional analysis techniques, it seems difficult to model and analyze the 
nonlinear behavior of the network due to resource limitation, the interac
t.ion between the nonlinear network behavior and correlated traffic, as well 
as impact of such interaction on network performance. Catastrophe-theoretic 
ideas have already been used for performance analysis of computer systems 
(Nelson 1987, Kaniyil et al. 1981, Li et al. 1995). Our work shows that traffic 
correlation can indeed affect network performance significantly. As long as the 
correlation time is large enough, the network may experience catastrophic per
formance degradation. Multistability may appear in network behavior, caus
ing the network to change abmptly from the normal operation mode to the 
congestion state or even the crashing state. 

After introducing the traffic model (Section 2) and the network model (Sec
tion 3), we analyze behavior and performance of networks carrying correlated 
traffic (Section 4) and discuss brietly impact of long-term traffic correlation 
on traffic control in ATM networks (Section 5). 

2 THE TRAFFIC MODEL 

We are interested in bursty traffic with long-term correlation. Especially, we 
focus on two-state traffic models such as ON/OFF traffic, since data traffic is 
ON/OFF type and a video traffic source can be decomposed into a constant bit 
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rate source and a number of ON/OFF sources, and only ON/OFF traffic is re
sponsible for the bursty and long-term correlation behavior. Sub-band coding 
provides an effective means for such decomposition (Karlsson et al. 1989). We 
use a Markovian dichotomous process as our traffic model. The Markovian 
dichotomous process is a natural model for ON/OFF traffic and the corre
lation time of the Markovian dichotomous process can be arbitrarily large. 
This traffic model has been used by many previous studies for network re
source allocation and traffic management. Although we are mainly concerned 
with long-term correlation, Markov traffic models can capture naturally short
term correlation. Denote by A(t) the Markovian dichotomous process where 
A(t) E {rt,rz} represents the cell arrival rate and 0:::; r1 < rz. The transition 
probability of the process 

Pv,u.(t) ~f Prob{A(t) = viA(O) = u}, u,v E {r1,r2} 

is governed by the forward Kolmogorov equation 

(1) 

where a and b are the mean transition rates from r2 to r1 and from r1 to rz 
per unit time, respectively. The solution of (1) is 

Thus the stationary probability is 

After the traffic generating process becomes stationary, the mean cell rate and 
the autocorrelation function are 

E[A(t)] = brz')'-1 

and 

respectively. The correlation time then is 

T = -- C(t)dt = 1'-1 =(a+ b)-1 1 100 
C(O) o . 
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The correlation time is an essential time scale in the correlation structure and 
appropriate for characterizing long-term traffic correlation, since the slower 
the autocorrelation function decays, the larger the correlation time. 

This traffic model concerns only long-term correlation but cannot capture 
the property of video or Ethernet data traffic that the empirical autocorre
lation function decays less than exponentially fast. In fact, taking the above 
property into account will lead to a non-Markovian traffic model that may 
cause the analysis to become intractable. However, the basic conclusions of 
our analysis will still hold for realistic video and data traffic, since any traffic 
process with a slowly decaying autocorrelation function may only aggravate 
rather than alleviate or exclude catastrophic network performance degrada
tion induced by long-term traffic correlation as described in Section 4. For the 
purpose of this study, we may further assume in the following that we may 
roughly divide the total network traffic into two states, one corresponds to 
the underload state and another the overload state, and model the aggregated 
traffic as a two-state Markov process. Fbr traffic with autocorrelation functions 
decaying less than exponentially fast, our analysis provides an upper-bound 
on actual performance. Therefore, although with such a simple traffic model, 
our analysis may still provide basic and important insights into impact of 
long-term traffic correlation on network performance. 

3 THE NETWORK MODEL 

Let the state variable of the network model be a stochastic process x(t) that 
obeys a stochastic differential equation governing the temporal evolution of 
the network state, 

dx{t) def --;It = h(x) + g(x).A(t), h(x) = -JUI(x) (2) 

where x(t) E [0, 1) is the number of cells in the network scaled by M:c, the 
maximum number of cells that the network can carry, g(x) is the ratio of 
the number of cells accepted by the network to the number of cells arrived, 
.A(t) is the time-dependent total cell arrival rate (cells/time unit) modeled 
by the Markovian dichotomous process, and q(x) is the effective transmission 
capacity of the network (bits/time unit). The length of cells is fixed and 
denoted by tt-1 (bits/ cell). To capture the nonlinear behavior of the network, 
we assume that the functions g(x) and q(x) have the following qualitative 
properties: 

Property 1 According to the definitions, 

0 < g(x) < 1, 0 ~ x < 1 
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and 

q(x) > 0, 0 < x < 1. 

Property 2 If there is no cell in the network, then the effective transmission 
capacity of the network is zero. If the number of cells in the network reaches 
Mz, then the network would collapse due to deadlock caused by congestion. 
Therefore, x = 1 represents the worst case of congestion in which the effective 
transmission capacity of the network is equal or very close to 0. For simplicity, 
we assume that the effective transmission capacity of the network is zero when 
x = 1. That is, 

q(O) = q(l) = 0. 

Property 3 Due to the effect of traffic control, the number of cells allowed 
to enter the network decreases as the number of cells already in the network 
increases, and the network would not accept any cell when the total number 
of cells in the network reaches Mz. Therefore, we have 

dg(x) 
~ < 0, X E (0, 1), g(l) = 0. 

Property 4 The effective transmission capacity of the network increases as 
the network state variable x grows below a critical value xo. However, with 
the constraint of resource limitation, the effective transmission capacity of the 
network would decrease after x exceeds the critical value. Thus 

Remarks: 

O~x <xo 
x=xo 
xo<x~l. 

• We ace concerned with performance of the network as a whole rather than 
performance of a link or switch. The behavior of the network is essentially 
different from that of a link or switch. For example, a link may serve cells 
at a constant rate and reject cells only when the link buffer is full. How
ever, after the load of the network exceeds some critical level, the effective 
transmission capacity of the network will begin to decrease inevitably. A 
real-world network may not allow its load to increase until the worst case 
of congestion occurs. H this were not true, then traffic control would not 
be necessacy. 

• The above properties ace typical for packet-switched, store-and-forwacd 
networks and have been substantiated by extensive previous studies, for 
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example, see (Jain 1990). These properties will also hold for ATM net
works, since ATM networks are special packet-switched store-and-forwaz-d 
networks in the sense that packets are cells with fixed length. Properties 2 
and 4 az-e qualitative description of the observations on real-world networks, 
whether or not the network is under traffic control. Property 4 describes the 
intrinsic nonlinearity of the network behavior due to resource limitation. 
Although traffic control may try to keep the network state from exceed
ing the critical value, we may not be able to exclude this property from a 
real-world network. 

• The pair process (x(t), .X(t)) is Markovian, since according to (2), the future 
evolution of x(t) depends only on the present states of x(t) and .X(t), and 
.X(t) is Maz-kovian. It is evident that if we take the correlation structure 
of self-similar traffic into account, then we have to use a non-Markovian 
stochastic process .X(t) as our traffic model, and as a result, the pair process 
(x(t),.X(t)) will loss the Markovian property. 

• Even if we use a Markovian process to model network traffic, the net
work state x(t) itself is not a Markovian process, since modeled by (2), the 
network state x(t) is Markovian if and only if the traffic process .X(t} is 
Gaussian white noise. See (Li et al. 1995) for an analysis of performance 
impact of traffic fluctuation modeled by Gaussian white noise. 

4 PERFORMANCE IMPACT OF CORRELATED TRAFFIC 

In this section, we analyze the behavior of networks carrying correlated traffic 
and the correSponding performance impact. Th obtain more general conclu
sions, we asstune that the network satisfies only a few qualitative properties 
discussed in Section 3. We first consider ON/OFF Maz-kov traffic models, 
then extend the results to general two-state Markov traffic processes. We also 
present a specific example to illustrate the general analysis results. Due to 
space limitation, we have omitted the proofs. 

4.1 Markov ON/OFF Traffic 

This subsection· presents analysis results for a Markov ON/OFF traffic pro
cess .X(t) E {r1,r2} where r1 = 0 and r2 = p. The main result is Theorem 3, 
which states that long-term traffic correlation may lead to multistability in 
network behavior. 

Theorem 1 The pair process (x(t),.X(t)) obeys the following forward Kol-
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mogorov equation for the joint probability density p(x, A, t) where x E [0, 1] 
and A E {0, p}, 

ap(x,O,t) a 
&t = -ax [h(x )p(x, 0, t)] - bp(x, 0, t) + ap(x, p, t), 

ap(x,p,t) a 
at =-ax {[h(x) + pg(x)]p(x,p,t)}- ap(x,p,t) +bp(x,O,t). 

Remarks: Evidently, if we assume that the traffic process A(t) is self-similar, 
then A(t) will not be Markovian any more, and the pair process (x(t),A(t)) 
will loss the Markov property. As a result, there may not necessarily exist a 
Kolmogorov type equation governing the temporal evolution of the probability 
density p(x, A, t). 

Corollary 1 The stationary probability density of the process x(t) is 

N g(x) ( Jx h(z) + bn-1g(z) d ) 
Ps(x) = [h(x) + pg(x)]h(x) exp -"{ [h(z) + pg(z)]h(z) z 

where N is the normalization constant. 

Remarks: 

• The stationary probability density p8 (x) is a potential function in the sense 
of catastrophe theory. Since this stochastic potential function depends on 
the parameters 'Y and p characterizing traffic correlation and the cell arrival 
rate, we can investigate behavior of networks carrying correlated traffic by 
. examining the qualitative changes of the shape of the potential function as 
these parameters vary. In particular, we examine the number and the type 
of the extrema of Ps(x) inside a compact support of Ps(x) and the behavior 
of Ps(x) in the neighborhood of the boundaries of the support. Outside the 
support, Ps(x) vanishes identically. 

• Let C denote the space from which 'Y and p take values. The network 
behavior is structurally stable if ('Y,p) E C8 where C8 is an open subset of 
C. This means especially that the number and the type of the extrema of 
p8 (x) do not change as long as ('Y,p) E C8 • In contrast, the network behavior 

is structurally unstable if ('Y,p) E C 8 ~ C-C8 • The dimensionality of Cs is 
typically one less than that of C 8 • When ( 'Y, p) cross C s and re-enter C s, the 
shape of p8 (x) changes in quality and the behavior and the performance of 
the network change drastically. This phenomenon is known as bifurcation. 
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The set C 8 is called catastrophe set or bifurcation set and defined for some 
xa.s 

C - {< ) c. dp8(x) - cPp8(x) - o} 
8- -y,p E . dx - d,x2 - • 

Denote the support of p8 (x) by U(p), which is a close subset of the network 
state space [0, 1] and depends on the cell arrival rate p. The boundaries of 
U(p) are given by the stable stationary states of the deterministic equation 

dx 
dt = h(x) + Ag(x) = Ag(x)- J.UI(x) (3) 

in [0, 1] for A = 0 and p. A stationary state x of (3) is stable if 

<p;>.(x) ~r dh(x) +A dg(x) =A dg(x) -IJ. dq(x) < 0 
dx dx dx dx . 

Proposition 1 The support ofp8(x) isU(p) = [O,min{u, 1}] whereu satisfies 
f(u) = 0 and 

f(x) ~ h(x) + pg(x) = pg(x) - J.UI(x). 

Proposition 2 The upper boundary u of the support U(p) is an increasing 
function of p for u E (0, xo] where xo is the critical network state. If p is large 
enough, then u is an increasing function of p for u E (0, 1). 

Theorem 2 {a) Near the lower boundary x = 0 of the support U(p), if 
IJ.q' (0) > b, then p8(x) diverges. If J.Ul1 (0) < b, then p8(x) vanishes. {b) Near 
the upper boundary x = u of the support U(p) where u < 1, if 

-y-b <1 
-J.U/~1 (:--:u ):......--p-g':"":"' ( u-:-) ' 

then ps(x) diverges. If 

-y-b 
J.UI'(u)- pg'(u) > 1' 

then p8(x) vanishes. 

Corollary 2 For U(p) = [0, u] where u < 1, the stationary probability density 
p8(x) is normalizable. 
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Remark: A13 we will see in the example below, u < 1 is only a sufficient but 
not necessary condition for the existence of p6 (x). 

We are interested in the stable states of the network, since the network 
tends to reside and spend most of its time in the neighborhood of the stable 
states. 

Definition 1 A network state x = x 6 is stable if it is either a maximum of 
p6 (x) inside the support U(p) or a boundary of the support such that p6 (x6 ) = 
00. 

Theorem 3 Suppose that x = 0 is a stable network state. The network has 
another stable state x6 E {0, u] if 1'-l and p are sufficiently large, where u < 1 
is the upper boundary of the support U(p). 

Remarks: 

• A stable state x = 0 represents the normal operation mode of the network 
carrying ON/OFF traffic in the sense that as t -+ oo, the network will 
eventually finish any accumulated work. Note that p6 {0) = oo holds only 
for ON/OFF traffic. 

• Theorem 3 shows that long-term traffic correlation may lead to multistabil
ity in network behavior, which may cause catastrophic performance degra.
dation and even network crash. Due to the behavior of multistability, the 
network may change abruptly from the normal operation mode to the con
gestion state or even the crashing state. According to Proposition 2, if p is 
sufficiently large, then u is an increasing function of p for u E (0, 1), which 
implies that u can be arbitrarily close to 1. In this case, if u is a stable net
work state, then network crash may indeed become possible, since a large 
excursion arbitrarily near x = 1 may in fact lead to a network crash. 

• A13 we will see in the example below, u ~ x0 is not a necessary condition 
for multistability. 

• For traffic with autocorrelation functions decaying less than exponentially 
fast, the value of p necessary for multistability may be smaller than that 
corresponding to traffic with exponentially decaying autocorrelation func
tions. 

4.2 General Two-State Markov Traffic 

The results obtained based on the ON/OFF Markov traffic model can be 
extended to general two-state Markov traffic process .A(t) E {r~,r2}. 
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Theorem 4 The pair process {x(t),A(t)) obeys the following forward Kol
mogorov equation for the joint probability density p(x, A, t) where x E [0, 1) 
and A E {rt,r2}, 

&p(x,rt,t) & 
&t =-&x[Ft(x)p(x,rt, t)]- bp(x,r1,t) + ap(x,r2,t) 

&p(x,r2,t) & 
&t =-&x[F2(x)p(x,r2, t)]- ap(x,r2,t) + bp(x,rt,t) 

where 

Fi(x) = rig(x)- p.q(x), i = 1,2. 

Corollary S The stationary probability density of the process x(t) is 

g(x) 
p,(x) = N Ft(x)F2(x) exp[~(x)] 

where 

~(x) = -- - 4>(z)dz -"( /z[ 1 1 ] 
r2- r1 g(ut)Ft(z) g(u2)F2(z) 

cf>(x) = (ar1 + br2)g(x) _ ~UJ(x) 
'Y 

and N is the normalization constant. 

Denote the support of p,(x) by U(r1, r2), which is a close subset [u1, u2) of 
the network state space [0, 1). The boundaries u1 and u2 of U are given by 
the stable stationary states of the deterministic system 

According to the implicit function theorem and the properties of g(x) and 
q(x), ui is an increasing function of ri where i = 1 and 2, which implies 
that Ut can be arbitrarily close to 0 if r1 is sufficiently small, and u2 can be 
arbitrarily close to 1 if r2 is sufficiently large. Since Ut and u2 are the minimum 
and maximum values of the reachable network state space, respectively, and 
a network state with a large value may be a sign of congestion, we may view 
Ut as the optimal operation point of the network and u2 the worst case of 
congestion. 
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Theorem 5 We have p.(ua) = oo and p.(uz) = oo, i/ 

-1-~<0 
E';(ua) 

and 

where 

and 

13 

Theorem 5 shows that for any two-state Markovian traffic model, long-term 
correlation can also lead to multistability in network behavior. 

4.3 An Example 

In order to illustrate the above general analysis, we consider a specific ex
ample of the network model presented in Section 3 by assuming 

g(x) = a(1 - x), 0 < a < 1 

and 

q(x) = {1x(l - x), /1 > 0 

where a represents the characteristics of traffic control and tJ reflects the effect 
of congestion in the network. They are with proper dimensions to keep the 
functions meaningful. In this example, the traffic model is a Markov ON/OFF 
process. That is, ,\(t) e {O,p}. Although simple, this model captures the 
essential nonlinear behavior of the network. We have already used this model 
for analyzing impacts of traffic fluctuations on network performance (Li et 
al. 1995). For this example, a complete analytical solution exists: 
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where N is the normalization constant and 1-£!3 ~ 1-£/3. It is easy to verify that 
Ps(x) is always normalizable. Note that we have p8 (0) = oo if 1-£!3 > b, implying 
that the normal operation mode x = 0 is a stable state. The support is 

or 

The extrema of p8 (x) are x = 1 and the zeros of the function 

F(x) ~f 31-£~x2 + l-£!3b- 2(1-£!3 + ap)]x + ap(!-£!3 -b) 

namely, 

2(1-£!3 + ap)- ')' =F w 
Xtf2 = 6 /-£{3 

where 

w = J')'2 - 4(1-£!3 + ap)')' + 4[(/-Lp + ap}2 - 3ap(!-£p- b)] 

as long as x 112 are inside U(p). 
In the context of traffic control, we may simply use the network state vari

able x to characterize network performance, since x represents the backlog, 
that is, the unfinished work in the network, and a stable state x with a larger 
value may be a sign of congestion. We summarize the changes of the steady
state behavior and the performance of the network with the variation of traffic 
correlation as follows and assume that we can bound the cell arrival rate p 
effectively and 1-£!3 > b. 

1. We first assume that the cell arrival rate p is small, such that 

The support then is -U(p) = [0, apl-£ii"1]. 

(a) If the correlation timer= ')'-1 is small such that 

(4) 
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then p,(o:pl-'fj 1) = 0 and F(x) 'I 0 for x E [0, O:PI-'fj1], that is, p,(x) does 
not have any extreme inside the support U(p). Since we always have 
p,(O) = oo, the network will spend most of its time in the neighborhood 
of x = 0, which is the only stable state and corresponds to the normal 
operation mode of the network. Since there is no backlog building up, 
there is no congestion. 

(b) As the correlation time increases such that 

b + (1-'o- o:p) < "Y < 2 [<1-'P + ap)- J3o:p(l-'p- b)] 

we have F(xr) = F(x2) = 0 where 0 < xr < x2 < apl-'fj 1 , and xr 
is a minimwn and x2 is a maximwn of p,(x). Although we still have 
p,(O:PI-'fj 1) = 0, bistability appeacs in network behavior, since p,(O) = oo 
always holds, representing a stable state, and x2 is a maximwn of p,(x), 
corresponding to another stable state. The network will also spend much 
time near x2, which means that the backlog has begun to build up and 
congestion appeacs. Network perfonnance deteriorates. 

(c) If the correlation time is large enough such that 

b < "Y < b + (#-'p- o:p) 

then we have p,(apJ'fj 1) = oo, and F(xr) = F(x2) = 0 where 0 < x1 < 
rcpl-'jj 1 is a minimwn of p,(x) and x2 > O:PI-'fj 1• The upper boundary of 
the support x = O:PI-'fj 1 has replaced x2 and become a new stable state, 
and p,(x) has only a minimwn x 1 left inside the support. The congestion 
becomes serious, since the network now has a larger backlog. 

2. If the cell arrival rate is large such that 

then the support is U(p) = [0, 1). The shape of p,(x) experiences the similar 
changes as illustrated above. However, an important difference is that x = 1 
has become a reachable boundary of the network state space, which means 
that long-term traffic correlation may cause more serious congestion and 
perfonnance degradation and even network crash. 

(a) The network experiences no congestion if the correlation time is small 
enough such that ( 4) holds. The network has only one stable state x = 0, 
since p,(l) = 0 and F(x) ¥ 0 for x E [0, 1). 
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(b) Congestion appears in the network due to accumulation of the backlog 
if 

There are a minimum x 1 and a maximum xz of p8 (x) inside the support 
where x1 < xz. Bistability appears but Ps(1) = 0 still holds. 

(c) The crashing state x = 1 becomes stable if 

since now p8 (1) = oo. Only one minimum x1 of p8 (x) lies inside the sup
port. The network now will also spend much time in the neighborhood 
of x = 1, implying that large excursions arbitrarily near x = 1 have 
become possible, which may in fact lead to a network crash in practice. 

5 IMPACT ON TRAFFIC CONTROL OF ATM NETWORKS 

Although having experienced continuous evolution and upgrading, most of 
the ATM network traffic control mechanisms and protocols currently lmder 
consideration are proposed before long-term traffic correlation is widely recog
nized. Therefore, it may be necessary to re-examine the effectiveness of these 
mechanisms and protocols for control of traffic that has long-term correlation. 
Our analysis shows that long-term traffic correlation may cause catastrophic 
network performance degradation. However, how to prevent such catastrophic 
network performance degradation remains largely an open issue. 

One potential impact concerns traffic shaping. Is the current traffic shaping 
mechanisms such as the leaky bucket scheme feasible at a source that may 
generate traffic having long-term correlation? Traffic shaping at such a source 
may require a huge bucket and cause unreasonably large delays. However, 
some kind of traffic shaping may still be necessary for preventing catastrophic 
network performance degradation induced by long-term traffic correlation. 
What are the properties of such traffic shaping? Another potential problem 
caused by long-term traffic correlation in traffic control is congestion detec
tion. Due to the multistability induced by traffic correlation, as long as the 
correlation time is large enough, the network may have at least two stable 
states simultaneously for identical traffic characteristics. One stable state cor
responds to the normal operation mode and another the congestion or the 
crashing state. Accordingly, the network may move abruptly from one sta
ble state to another, which may cause difficulties for congestion detection. 
For example, when the network is in the normal operation state, more traffic 
may be allowed to enter the network since no congestion is detected; however, 
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according to our analysis results, if the total cell arrival rate becomes large 
enough, then long-term traffic correlation may suddenly drive the network 
from the normal operation state to the congestion or even the crashing state. 
Are currently proposed congestion detection mechanisms (such as the explicit 
forward congestion indication or explicit rate schemes in the rate-based flow 
control for ABR service proposed for data application support in ATM net
works (Bonomi et al. 1995)) sufficient to detect the catastrophic behavior? 
What kind of knowledge is required for prediction of the catastrophic behav
ior in practice? 

We discuss briefly some possible improvements within the current traffic 
control framework. According to our analysis results, the normal network op
eration mode is the unique stable network state only if neither the traffic 
correlation time nor the total (peak) cell arrival rate is too large. This im
plies that statistically multiplexing for real-time traffic sources that have large 
correlation time and large peak rates (compared to link capacities) may lead 
to serious congestion. Therefore, for real-time traffic, statistical multiplexing 
may be possible only if both the correlation time and the peak rate of the ag
gregated traffic are relatively small. It may be necessary to isolate individual 
sources that may generate traffic with large correlation time and peak rates. 
For aggregated non-real-time traffic with potentially large correlation time 
and peak rates such as Ethernet data traffic, we may bound either the ON 
period or the peak rate for each individual data source. However, although we 
can bound the peak rate for each individual source, it may be still impossible 
to bound the total aggregated data cell arrival rate due to the nature of the 
ABR service of ATM networks, since the total number of active ABR traffic 
sources is beyond effective control. Our analysis results suggest that besides 
the rate-based flow control, bounding ON periods of individual sources may 
also be necessary. 

6 CONCLUSIONS 

Since recent research has demonstrated that there exists long-term correlation 
in traffic of both local and wide area networks, not only in traditional data 
traffic but also in newly emerging video traffic, it is very likely that ATM 
networks have to support traffic that has long-term correlation. Therefore, it 
is highly desirable to understand impact of long-term traffic correlation on 
performance and traffic control of ATM networks. 

We have investigated impact oflong-term traffic correlation on network per
formance by using an analytical approach based on catastrophe theory. Our 
analysis model captures the interaction between the essential traffic charac
teristics of interest and the nonlinear behavior of the network due to resource 
limitation that conventional techniques may have difficulties to capture. The 
basic insight gained is that long-term traffic correlation may cause catas
trophic network performance degradation and even network crash if traffic 
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control mechanisms do not take traffic correlation into account. According to 
our analysis, interacting with the intrinsic nonlinear property of the network 
due to resource limitation, even Markovian traffic processes with exponentially 
decaying autocorrelation functions can cause catastrophic network behavior as 
long as the correlation time is large enough. Realistic video or Ethernet data 
traffic processes with autocorrelation functions decaying slower than exp~ 
nentially may lead to similar or even worse catastrophic network performance 
degradation. Therefore, it may be necessary for traffic control to take traffic 
correlation into account explicitly. 

Experimental evidence exists supporting our analytical results. Catastrophic 
performance degradation induced by traffic fluctuations has already been ob
served in real-world networks. Since there do exist long-term correlations in 
real network traffic such as data and video (Leland et al. 1994, Willinger, et 
al. 1995, Garret et al. 1994, Paxson et el. 1994}, our analysis results agree with 
the observations on real-world networks. An important extension of this work 
is therefore to develop traffic control mechanisms to prevent such catastrophic 
network performance degradation. 
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