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Abstract

We study data communications for the downlink in code-division-multiple-access (CDMA) networks. The focus of

this paper is to exploit the predictive temporal structure of the multi-access interference (MAI) for adaptive resource

allocation, particularly for rate control and admission control. We also investigate the impact of fading and traffic

burstiness on the system performance. We first present our result that when the input data traffic corresponds to

multiple ON–OFF heavy tailed sources, the MAI process is asymptotically self-similar (with Hurst parameter

1=2 < H < 1). Thus the MAI has a non-trivial predictive temporal structure that enables accurate interference pre-
diction. We exploit the predictive MAI structure to construct a multiple time-scale interference predictor. Rate ad-

aptation is carried out based on the predicted interference level. Our numerical results show that this rate control

scheme achieves significantly better performance than that using the packet-level MAI prediction only. We also devise a

joint rate control and admission control scheme. To this end, we propose a sliding observation window scheme that has

a two-tier flavor: Each observation window is divided into many time slots, rate control based on the interference

prediction is conducted in each slot, and the corresponding throughput in the observation window is used for admission

control accordingly.
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1. Introduction

Third generation (3G) wireless systems and

beyond are expected to provide a wide variety of

services ranging from low-data-rate services, such

as paging, to very high-data-rate services such as e-

commerce, FTP, and other Internet traffic [7,19].

The challenge of wireless networks is keeping

pace with the growing level of demand. Wireless

communications require sharing a limited natural
erved.
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resource: the radio frequency spectrum. The data-

rate capacity that a radio frequency channel can

support is limited by Shannon�s capacity laws [30].
Hence, in the wireless environment, one has to

very carefully engineer the network such that little,

if any, wireless spectrum is wasted. This requires
an integrated multidisciplinary approach with ex-

pertise in wireless communications at the physical

and network levels. Thus motivated, we take a

data-centric viewpoint and study bursty data

communications in code-division-multiple-access

(CDMA) systems. We focus primarily on the

downlink. It should be noted, however, that simi-

lar studies can also be carried out for the uplink.
CDMA systems are known to be interference-

limited, and hence multi-access interference (MAI)

is a key parameter that governs the system per-

formance (see, e.g., [39,40,46]). In this paper, we

first present a new approach to characterizing the

MAI (consisting of both intercell and intracell in-

terference). More specifically, we incorporate ex-

plicitly both the bursty nature of data traffic and
fading channel conditions, and characterize the

MAI from a stochastic process perspective (in

contrast to the typical perspective based on mar-

ginal distributions). This approach cuts across the

physical layer, medium access control (MAC)

layer and network layer, and opens a new dimen-

sion to understand the MAI temporal correlation

structure. Our finding reveals that the MAI ex-
hibits scale-invariant burstiness and is asymptoti-

cally self-similar across multiple time-scales [47,48]

when the input traffic sources are ON–OFF heavy-

tailed. The asymptotic self-similarity indicates that

the MAI exhibits long-range dependent, i.e., there

exists extended periods of either strong or weak

interference. Clearly, the performance in any sys-

tem with fixed rates may degrade significantly for a
long period, either overloaded (corresponding to

strong interference) or resource under-utilized

(corresponding to weak interference). On the flip

side, the self-similar structure of the MAI also

implies that there exists a non-trivial predictive

structure at coarse time-scales that can be ex-

ploited for interference management resulting in

improved system performance.
To exploit the predictive MAI temporal struc-

ture, we first develop a rate adaptation scheme that
ameliorates the system performance. Specifically,

we exploit the predictive MAI structure to con-

struct a multiple time-scale interference predictor.

Based on the predicted MAI level, our rate control

can be summarized as follows: If the (predicted)

future interference is weak, we increase the trans-
mission rate via decreasing the spreading gain and/

or increase the code rate; if the (predicted) future

interference is strong, we decrease the transmission

rate accordingly. This rate control scheme can be

viewed as an example of joint adaptation across

the MAC layer and the physical layer. Our results

show that rate control using the multiple time-

scale MAI predictor achieves significantly better
performance than that with the packet-level MAI

predictor only.

The predictive MAI temporal structure can also

be utilized for admission control. In particular, we

devise a joint admission control and rate control

scheme. Specifically, we propose a sliding obser-

vation window scheme that has a two-tier flavor:

Each observation window is divided into many
time slots. Rate control based on the interference

prediction is conducted in each slot, and the cor-

responding throughput in the observation window

is used for admission control. Based on the pre-

dicted (available) throughput, the system makes

admission decisions, i.e., a new user is admitted if

its throughput and delay requirements can be met,

and vice versa if the opposite is true. Our results
show that the above algorithm achieves high pre-

diction accuracy and may be very useful for han-

dling bursty data traffic in CDMA networks.

Our exploitation of the MAI temporal correla-

tion structure is reminiscent of multi-user detec-

tion [39] that exploits the MAI snapshot structure

at the symbol level––a much finer time-scale,

whereas rate control and admission control deci-
sions are taken on coarser time-scales. Clearly,

resource allocation based on the predictive MAI

temporal structure is a transmission technique,

whereas multi-user detection is a signal processing

technique implemented at the receiver end. These

two methods for exploiting the MAI structure

complement each other.

We also investigate the impact of fading and
traffic burstiness on system performance. In a

nutshell, the faster the fading, the more significant
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the potential gain in resource allocation (particu-

larly rate control and admission control) via the

(multiple time-scale) MAI predictor. Furthermore,

the more bursty the traffic, the more gain we can

expect by making use of the predictive MAI tem-

poral structure.
In related work, there has been a great deal of

research on resource allocation in CDMA net-

works. For example, schemes with variable

spreading gains to provide multiple rates can be

found in [13,21]. Joint rate control and power

control have been studied extensively (see, e.g.,

[14,20,32]). Uplink access control for CDMA sys-

tems can be found in [6,17,31,45]. A call admission
algorithm using the shadow cluster concept is

given in [16]. Recent work [8] presents a joint ad-

mission control and flow control algorithm for

wireless web browsing. Joint admission control

and power control have been studied in [2,3,44]

and the references therein. A throughput maximi-

zation scheme is provided for systems with two

user classes, one consisting of data users and the
other real-time users [25]. (We also note that self-

similarity in network traffic has been used for

congestion control in wireline networks [22,37].)

The rest of the paper is organized as follows.

The next section contains our system model. Sec-

tion 3 gives our result on the MAI self-similarity

and some numerical examples. We investigate in

Section 4 the interference prediction for rate con-
trol and admission control. In Sections 5 and 6, we

devise a rate adaptation scheme and a joint ad-

mission control and rate control algorithm. In

Section 7, we examine the impact of fading and

traffic burstiness. The conclusions can be found in

Section 8.
2. Model description

2.1. MAI process in downlink

Consider the downlink of a cellular CDMA

network with many ON/OFF data users. By ON/

OFF we mean that the transmission of each user is

ON (active) and OFF (idle) alternatively. Based on

traffic studies, we assume that the ON/OFF-peri-

ods are heavy-tailed and exhibit the Noah Effect
(i.e., have high variability or infinite variance; see

[43] and the references therein). Intuitively, the

Noah Effect for an individual ON/OFF source

model yields ON and OFF-periods that can be

very large with non-negligible probability.

Let J be the number of cells under consider-
ation. Assume that there are totally Kj ON/OFF
users in cell j, j ¼ 1; . . . ; J . Without loss of gen-
erality, consider user 1 in cell 1. Assume that the

matched filter is employed to process the received

signal. In a direct-sequence (DS) CDMA system,

the interference to the desired user is the super-

position of all other signals from the base stations

in the network. Then, the total received power at
time t due to the transmissions in cell j (in the
downlink), denoted I1;j, is given by

I1;jðtÞ ¼
X
k2cell j

Pk;jðtÞXk;jðtÞ
 !

g1;jðtÞ; ð1Þ

where Pk;jðtÞ is the transmission power from the

base station for user k in cell j at time t, g1;jðtÞ
denotes the fading coefficient from the base station
in cell j to the user under consideration, and
Xk;jðtÞ 2 f0; 1g is the activity indicator for user k in
cell j, i.e., Xk;jðtÞ ¼ 1 if user k is ON at time t.
The MAI, consisting of both intercell interfer-

ence and intracell interference, is a key parameter

that limits the capacity of CDMA systems. For

convenience, we use IðtÞ to denote the total MAI.
In a large network with many users (see, e.g.,
[12,18]), IðtÞ is well approximated by

PJ
j¼1 I1;jðtÞ.

(Strictly speaking, the intracell MAI is equal toP
k 6¼1;k2cell 1 Pk;1ðtÞXk;1ðtÞg1;1ðtÞ. However, the signal

from one single user is negligible in a large net-

work.) Also we note that the intercell interference

always exists, even though in theory the intracell

interference can be eliminated by using orthogonal

spreading if there is no multi-path [10,26].
The above model has a root in an earlier work

[18]. A key difference between our studies is that

[18] presented a snapshot analysis for power con-

trol algorithms in the uplink, whereas here we take

into account the burstiness of the ON/OFF users,

and characterize the MAI from a stochastic

process perspective for the downlink. This new

approach enables us to understand the MAI tem-
poral correlation structure. Indeed, our results
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reveal the existence of a non-trivial predictive

structure of the MAI process across multiple time-

scales, which is exploitable for efficient resource

allocation [48].

2.2. Fading channel model

In a wireless system, fading effects can be clas-

sified as large-scale (slow) and small-scale (fast)

fading effects [15,24]. Large-scale fading includes

distance-related attenuation and shadowing with

duration on the order of seconds. On the other

hand, fast fading is due to the scattering of the

transmitted signals off surrounding objects, and is
on the order of milliseconds. Small-scale fading is

superimposed on large-scale fading.

In this paper, we consider both slow and fast

fading. Specifically, we assume that fading is due

to distance-related attenuation, log-normal shad-

owing, and fast fading. The propagation attenua-

tion is in the form of d�b where d is the distance
and b is the path loss exponent, and the slow
shadowing has a log-normal distribution with

standard deviation rX ¼ 8 dB [33]. We use Gud-
mundson�s auto-regressive (AR) model [11,33] for
log-normal shadowing. Suppose that the signal

strength is sampled every time interval Tf , and n
is the correlation coefficient of two consecutive

samples. Then, the AR model has the form of

Xnþ1 ¼ nXn þ ð1� nÞvn; ð2Þ
where X represents the log-normal fading (in dB),
vn is zero-mean white Gaussian noise with variance
r2Xð1þ nÞ=ð1� nÞ, and n is the correlation coeffi-
cient with 0 < n6 1. Fast Rayleigh fading (with
the Doppler shift fm [33]), is superimposed on top
of slow fading. A filtered Gaussian noise model for

Rayleigh fading is utilized in our study [33].

2.3. Data traffic model

For Web traffic, it has been shown that the

probability of large file size is not negligible, and

that the ON duration is effectively characterized by

heavy-tailed models [42]. The OFF duration is

determined by the user�s thinking time, which is
also modeled as heavy-tailed [9]. Along this line,

we assume throughout that the data traffic of each
user is an ON/OFF process, where both ON and

OFF-periods are Pareto distributed (it is worth

pointing out that our result on the MAI long-

range dependence holds for general heavy-tailed

distributions, as is clear in the proof of Theorem

3.1), that is,

PrfT > tg ¼ ðTmin=tÞa; ð3Þ

where, Tmin denotes the smallest possible value
random variable T can take. The parameters in
this traffic model are specified as follows:

(a) Tmin;1: Minimal ON duration, which is deter-

mined by the minimal file size and transmis-
sion rate. According to [9,43], the minimal

file size for web traffic is about 2 kB. (For ex-

ample, assuming that the wireless system pro-

vides an average service of about 100 kb/s for

each user, Tmin;1 is about 0.2 s for each burst
transmission.)

(b) Tmin;2: Minimal OFF duration, which is mainly
determined by the user�s think time, according
to [9]. It varies from about 1–30 s.

(c) aon: It is determined by the slope of file size dis-
tribution, and is 1.3 in this study.

(d) aoff : It is determined by the slope of think time
distribution, and is 1.5 in this study.

For convenience, define

amin, minðaon; aoffÞ; H1 ¼
3� amin
2

:

For simplicity, we assume that the distributions of

ON/OFF-periods are the same for all users. Our

study here can be easily generalized to the cases

where the distributions of ON/OFF-periods are

different across users (see, e.g., [35, Theorem 2]).
3. MAI self-similarity and predictive MAI temporal

structure

3.1. Brief overview of self-similar models

In what follows, we provide a brief overview
of heavy-tailed distributions and self-similar pro-

cesses (see, e.g., [1,23]).
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Definition 3.1. A random variable Y has a heavy-
tailed distribution if

PrfY > yg 
 ‘1y�a; ð4Þ
as y ! 1, where 0 < a < 2 and ‘1 is some con-
stant. (Throughout ‘
 and c
 denote constants.)

Roughly speaking, the asymptotic shape of the

distribution follows a power law, in contrast to the

exponential decay. Heavy-tailed distribution, by

definition, implies that a ‘‘larger’’ portion of the

probability mass moves to the tail of the distri-
bution, as a decreases.

Definition 3.2. For a given stationary time series

fI t; t 2 Zþg, define the corresponding aggregated
series I

ðmÞ
i as

I
ðmÞ
i ¼ 1

m
ðI im�mþ1 þ 
 
 
 þ I imÞ: ð5Þ

Let rðkÞ and rðmÞðkÞ denote auto-correlation func-
tions of fI tg and fI ðmÞi g, respectively. We say that
fI tg is asymptotically (second-order) self-similar
(with Hurst parameter 1=2 < H < 1) if the fol-
lowing conditions are satisfied:

rðkÞ 
 ‘2k�b; ð6Þ

rðmÞðkÞ 
 rðkÞ; ð7Þ
as k ! 1, where b ¼ 2ð1� HÞ.

A key parameter associated with self-similar
processes is the above mentioned Hurst parameter,
with range 1=2 < H < 1. Indeed, The Hurst

parameter H is sometimes called the index of self-
similarity. Roughly speaking, the further H devi-

ates from 1=2, the more ‘‘long-range dependent’’
the fI tg is.

3.2. MAI self-similarity

In the following, we characterize the MAI

process in the downlink. The MAI process,PJ
j¼1 I1;jðtÞ, is a superposition of the interference

processes generated by both intercell and intracell

interferers. It is clear that the interference process

from a user, say user k in cell j, is a product of its
ON/OFF process Xk;jðtÞ and the corresponding
fading process g1;jðtÞ. The fading coefficients can
be treated as ‘‘rewards’’ for the underlying renewal

process (i.e., the ON/OFF process). It has been

showed that the superposition of many ON/OFF

heavy-tailed Ethernet sources is self-similar (see,

e.g., [9,43]) where the ‘‘rewards’’ in each ON/OFF-

period are assumed as constants. Clearly, fading
makes the characterization of the MAI process

more challenging. Indeed, we cannot hope that the

MAI process can be approximated by a fractional

Brownian motion or even a Gaussian process [35],

because the factor g1;jðtÞ in the MAI process is
common for all users in cell j and there might
be strong correlation between the summands of

the MAI.
For technical reasons, we impose the following

assumptions:

Condition 1. The sample paths of the fading pro-

cess g1;jðtÞ are continuous, and the correlation
function of g1;jðtÞ, denoted as .1;jðuÞ, satisfies that
.1;jðuÞ 
 ‘3u2H2�2 as u! 1, j ¼ 1; . . . ; J .

Condition 2. The empirical distribution of the

transmission powers of the users in cell j, con-
verges weakly to a distribution function Fp with
mean lp, j ¼ 1; . . . ; J .

We note that the assumption on the fading

process in Condition 1 is applicable to almost ev-

ery practical system, and Condition 2 is a standard
assumption on the transmission powers in a

power-controlled network (see, e.g., [36,46]).

We are now ready to present our result on the

MAI self-similarity.

Theorem 3.1. Suppose Conditions 1 and 2 hold. As
both W and T increase, the total accumulated MAI,
ð1=ðT HW 1=2ÞÞ

R Tt
0

PJ
j¼1 I1;jðuÞdu, is asymptotically

(second-order) self-similar with Hurst parameter
H ¼ maxðH1;H2Þ.

The proof of Theorem 3.1 has been relegated to

the Appendix A.

3.3. Predictive MAI temporal structure

The MAI self-similarity, by definition, indi-

cates that the MAI is long-range dependent and



Fig. 1. A pictorial ‘‘proof’’ of self-similar MAI: aggregated

MAI exhibits ‘‘similar’’ burstiness on three time-scales (100 ms,

500 ms, 2 s). Some parameters of the fading channel are spec-

ified as follows: Tf ¼ 0:01 s, n ¼ 0:99, fm ¼ 5 Hz.
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(Tf ¼ 0:01 s, n ¼ 0:99, fm ¼ 5 Hz).
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therefore there exists a MAI temporal correlation

structure. Intuitively speaking, the MAI levels are

highly correlated at coarser time-scales. We note

that the predictive MAI temporal structure exists

in many realistic systems. For instance, in a cel-

lular CDMA system, each cell has six neighboring
cells, so it is likely that there are hundreds of co-

channel users. Therefore, the approximation of the

MAI process by long-memory models holds well.

Furthermore, the predictive MAI structure exists

in systems with heterogenous multimedia traffic.

In what follows, we illustrate the above finding via

a numerical example.

Example 1. In this example, we consider a cell

with six adjacent neighboring cells. The base sta-

tion in each cell uses omni-directional antennas.

The total number of ON/OFF users in each cell is

120 (the average number of active (ON) users is

around 15). Assume that the average transmission

rate for each user is around 100 kb/s. For the MAI

sequence fIn; n ¼ 1; 2; . . . ;Ng in the downlink, we
define the corresponding aggregated sequence at

the time-scale (10m) ms [34]:

I
ðmÞ
i ¼ 1

m
ðI im�mþ1 þ 
 
 
 þ I imÞ;

i ¼ 1; 2; . . . ; ½N=m�:

Fig. 1 depicts a sequence of simple plots of the

average MAI for three time units (100 ms, 500 ms,
and 2 s). As is evident in Fig. 2, the MAI exhibits

scale-invariant burstiness at multiple time-scales

and ‘‘looks’’ self-similar at coarser time-scales.

As noted before, the Hurst parameter H is

sometimes called the index of self-similarity. Esti-

mating H plays a crucial role in diagnosing self-

similarity. In Fig. 2, we use the variance method

[42] to estimate the Hurst parameter. Specifically,
we compute the sample variance at the time-scale

(10m) ms:

varðI ðmÞi Þ ¼ 1

½N=m�
X½N=m�
i¼1

ðI ðmÞi � IÞ2; ð8Þ

where I is the sample mean of the whole sequence
fIn; n ¼ 1; 2; . . . ;Ng. The estimated Hurst pa-

rameter is 0:70, indicating that the MAI process is
self-similar. (We note that the variance method is a
diagnostic tool for checking if the Hurst parameter

H is larger than 1/2 or not, and typically has biases
[1,4].)
4. Interference prediction

Since CDMA systems are interference-limited,

it is of vital importance to conduct effective inter-

ference management. To this end, a key step is to



0.3

0.35

0.4

0.45

0.5

E
nt

ro
py

J. Zhang et al. / Computer Networks 42 (2003) 779–795 785
obtain accurate interference prediction, based on

which we carry out resource allocation for inter-

ference management.

The MAI self-similarity (H > 1=2) indicates
directly that there exists a predictive MAI tempo-

ral correlation structure at coarse time-scales. In
this section, we explore MAI prediction based on

the MAI self-similarity. (We will utilize the pre-

dictive MAI temporal structure for feedback con-

trol at coarse time-scales, particularly rate control

and admission control in Sections 5 and 6.)
0 1 2 3 4 5 6
0.25

Large Time Scale (sec)

Fig. 3. Entropy S versus large time-scale Tm.
4.1. Optimum time-scale for exploiting predictive

MAI temporal structure

The time-scale Tm for the MAI prediction is a
critical parameter because it determines the sample

size m used to predict the future interference.
There are many useful methods for determining

the time-scale Tm. In what follows, we use two
methods, namely the variance method and the

entropy method, to determine Tm.
Variance method: In the following, we first use

the variance method to determine Tm. Using (8),
we compute the sample variance at the time-scale

(10m) ms, and plot it against m (in the ‘‘log’’ scale).
When the MAI is well modeled as self-similar, the

plot becomes a straight line with a slope of 2H � 2.
As shown in Fig. 2, the plot approaches a line

as the time-scale grows (beyond log10ðmÞ > 2).
Therefore, it is reasonable to choose Tm ¼ 1 s
(corresponding to log10ðmÞ ¼ 2), as a large time-
scale for MAI prediction to utilize the MAI self-

similarity.

Entropy method: Next, we use the off-line en-
tropy method to determine Tm, along the lines of
[37]. More specifically, given a time-scale Tm > 0,
we define

V1 ¼
X

i2½t�Tm;t�
IðiÞ; V2 ¼

X
i2½t;tþTm�

IðiÞ: ð9Þ

We introduce two random variables L1, L2 as the
quantization of V1, V2, i.e.,

Lj ¼ LjðVjÞ; Lj 2 ½1;M �; j ¼ 1; 2; ð10Þ
where M denotes the number of the quantization

levels. The conditional probability density is de-

noted as PrfL2jL1 ¼ lg. Define
Sl ¼ �
X
l0
PrfL2 ¼ l0jL1 ¼ lg logPrfL2 ¼ l0jL1 ¼ lg:

ð11Þ
Then the entropy is given by

S ¼ 1

M

XM
l¼1
Sl: ð12Þ

Fig. 3 gives the plot of S as a function of the time-
scale Tm, with aon ¼ 1:3 and aoff ¼ 1:5. In Fig. 3,
we find that the entropy S begins to‘‘converge’’ at
2 s in the sense that the entropy becomes ‘‘flat’’

when the time-scale is larger than 2 s, indicating

that the MAI becomes more ‘‘predictable’’ at time-

scales of 2 s or larger.

Comparing the variance method and the en-
tropy method, we notice that the estimated large

time-scales are on the same order. We choose

Tm ¼ 2 s as the large time-scale for MAI prediction
in the following numerical examples.

4.2. Multiple time-scale MAI predictor

Since rate control in our study is implemented
at the packet level (see Section 5), we devise a

multiple time-scale MAI predictor which combines

the MAI predictions at the packet level and Tm.
Specifically, we have that

bII ðiÞ ¼ kbII P ðiÞ þ ð1� kÞbII LðiÞ; 0 < k6 1; ð13Þ
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where bII P ðiÞ is the MAI prediction at the packet
level, and bII LðiÞ is the MAI prediction at Tm. We
adopt a measurement-based MAI predictor at the

packet level:bII P ðiÞ ¼ I i�1: ð14Þ
In the following, we elaborate on the MAI pre-

diction at time-scale Tm. In light of the limited
computing and storage capabilities at the mobile

user end, we propose to use the following mea-

surement-based MAI prediction at Tm:

bII LðiÞ ¼ 1

m

Xi�1
n¼i�m

In; ð15Þ

where In is the measured MAI level for the nth
packet, and m is the number of samples within Tm.
5. Rate control

In a large CDMA network with many users, the

signal-to-interference-plus-noise ratio (SINR) can
be well approximated as

SINR1;1ðtÞ ¼
P1;1ðtÞg1;1ðtÞ

r2 þ 1
G1;1ðtÞ

PJ
j¼1 I1;jðtÞ

; ð16Þ

where G1;1ðtÞ is the processing gain of the desired
user in cell 1, and r2 is the variance of the ambient
additive white Gaussian noise. Furthermore,

G1;1ðtÞ ¼ W =R1;1ðtÞ, where R1;1ðtÞ is the transmis-
sion rate, and W is the bandwidth.
As noted before, MAI exhibits scale-invariant

burstiness at multiple time-scales, and the ‘‘DC’’

component of interference can be either strong or

weak for a relatively long period. Therefore, for

systems with fixed transmission rates, there exist

concentrated periods where the MAI is strong or

the MAI is weak. In the following, we explore rate

control to improve the system performance.

5.1. Rate adaptation algorithm

Rate control is a central technique for inter-

ference management in bursty data systems. Next

we devise an easy-to-implement rate adaptation

scheme based on the multiple time-scale MAI

prediction. The underlying rationale can be sum-
marized as follows: If the (predicted) future MAI

is weak, we increase the transmission rate via de-

creasing the spreading gain or increasing the code

rate or a combination thereof; if the (predicted)

future MAI is strong, we decrease the transmission

rate accordingly.
We assume that a continuous transmission rate

can be achieved. However, in practical systems, the

spreading gain can take values 2k (k is an integer)
only. So, in order to achieve a continuous trans-

mission rate, we need to combine spreading gain

control with adaptive coding. Specifically, we de-

compose the bandwidth redundancy (expansion)

into two parts [38]:

G ¼ Gs þ Gc ðdBÞ; ð17Þ

where Gs is the bandwidth redundancy corre-
sponding to spreading, and Gc denotes the band-
width redundancy corresponding to coding.

For adaptive coding, we can choose rate com-
patible punctured convolutional codes or Turbo

codes (the design of coding schemes is beyond the

scope of this paper). Suppose that there are Nr
types of code rate modes available. We can con-

struct a look-up table, via calculating the pro-

cessing gain G for each combination of spreading
gain Gs and code rate Rc. During the course of
on-line control, the base station determines the
pattern fGs;Rcg in the look-up table for certain
desired SINR. Fig. 4 gives a simple block diagram

for the above algorithm.

Our rate control algorithm can be summarized

briefly as follows:

1. The mobile user measures the strength of its

downlink signal and the MAI. At the end of
each packet, it makes a prediction of the MAI

level for the next packet transmission, using

the multiple time-scale MAI predictor.

2. The mobile user feeds the signal strength and

the predicted MAI level back to the base sta-

tion.

3. The base station determines the transmission

rate to achieve the target SINR, and the corre-
sponding spreading gain and code rate for the

next packet transmission.

4. The base station adjusts the transmission rate

accordingly.
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Fig. 4. A simple diagram for transmission rate control.

Fig. 5. Throughput gain versus feedback delay (Tf ¼ 0:01 s,
n ¼ 0:99, fm ¼ 30 Hz).
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5.2. Numerical examples

In what follows, we evaluate the performance

when the above rate control algorithm is applied

to the example in Section 3. We assume that if the

SINR of one entire packet is higher than the target

SINR (denoted as c), this packet is transmitted
successfully, otherwise the packet is lost. The

corresponding throughput is also called goodput
[29]. Then, the average throughput is given by

fThTh ¼ 1

N

XN
i¼1
sgnðSINR� cÞ 
 Ri; ð18Þ

where

sgnðzÞ ¼ 1 when z > 0;
0 otherwise

�
and Ri is the transmission rate of packet i.
Let fThThp denote the average throughput of a

system using the packet-level MAI predictor only

and fThThm denote the one using the multiple time-
scale MAI predictor. Define the relative through-

put gain dTh as

dTh ¼
fThThm � fThThpfThThp : ð19Þ

We now compare the performance of two schemes:

Scheme 1 employs the multiple time-scale MAI

predictor with Tm ¼ 0:2 s, and Scheme 2 uses the
multiple time-scale MAI predictor with Tm ¼ 2 s.
In this example, we assume that the packet dura-

tion Tp is 10 ms, the bandwidth is 10 MHz, and the
target SINR threshold is 4 dB for data services.

Our results are given in Fig. 5. As would be ex-

pected, Scheme 2 achieves a larger throughput

gain than Scheme 1. The underlying rationale is

that we can get more accurate MAI prediction

using the multiple time-scale method, and the
choice of the large time-scale also affects the pre-

diction accuracy.

Feedback delay may exist in practical systems.

It is natural to expect that feedback delay would

diminish the accuracy of prediction. The effect of

feedback delay on the system performance de-

serves consideration. In our simulation, the feed-

back delay is on the order of tens of milliseconds
[19]. Fig. 5 shows that the relative throughput gain

increases with the feedback delay. Our intuition is

that the larger the feedback delay is, the less ac-

curate the packet-level MAI prediction is, and the

more useful the MAI prediction at Tm is.
6. Joint admission control and rate control

In this section, we exploit the predictive MAI

structure at coarser time-scales to explore admis-

sion control for data applications. For systems

with voice users, admission control is based on the

network capacity, which is defined as the maxi-

mum number of users that can be supported

without violating their average SINR requirements
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[26,29]. This approach, however, cannot be ap-

plied directly to systems with data users because of

the highly bursty MAI (and hence SINR) even at

large time-scales. In particular, we expect that

admission control schemes using the mean value of

the SINR (or equivalently MAI) over one session
would not work well. To resolve this issue, we

propose a joint admission control and rate control

scheme that has a two-tier flavor: Rate control

based on the MAI prediction is conducted within a

large observation window s, and the correspond-
ing throughput in s is used for admission control.
Before we proceed to elaborate on the admission

control algorithm, we need to set admission control
criteria for data applications. In general, admission

control involves the following two criteria [29]: (1)

when a new user is admitted, the system should be

able to guarantee that its QoS requirement is met;

and (2) the QoS requirements of the other users

already in the system should not be violated. In this

study, since each user is assumed to adapt its

transmission rate to the time-varying MAI, we
expect that the impact of this new user on the other

active transmissions is marginal. (Recall that a key

feature of CDMA systems is that the performance

degrades gracefully.) In light of this observation,

we focus primarily on the throughput and delay

requirements of the new user. Specifically, we as-

sume that a new user can be admitted only if its

throughput requirement in a time window s can be
satisfied, that is,

wreq6 ŵwav; ð20Þ

where wreq denotes the required throughput, and
ŵwav denotes the predicted (available) throughput
within s. We also assume that new users can tol-
erate delay up to some value D, and s (less than D)
is chosen according to the type of the data appli-

cation.

We now present a joint admission control and

rate control scheme. Specifically, a time window s
(we call it sliding observation window) is divided
into many time slots with length Tm. The average
MAI in each slot is predicted via the large time-

scale MAI predictor developed in Section 4, based

on which the transmission rate is adapted and the

corresponding throughput within Tm is calculated.
Denote Ns ¼ ds=Tme, that is, Ns denotes the num-
ber of slots in s. The total (predicted) throughput
within a sliding observation window s is given by

ŵwmav ¼
XNs
j¼1
Thj; ð21Þ

where Thj is the predicted throughput in slot j,
j ¼ 1; . . . ;Ns. We note that the rate control in the
above scheme is done at the time-scale Tm. We
show in the following that even this simple scheme

yields significant performance gain. We expect that

more sophisticated rate adaptation would lead to

more performance gain.

Our admission control algorithm can be sum-
marized as follows:

1. The new user submits a connection request and

also its QoS requirement in terms of fwreq; s;Dg.
2. Based on the measurements in each Tm, the user
predicts the MAI level for the next Tm, and
feeds it back to the base station.

3. Based on the predicted MAI level, the base sta-
tion adapts the transmission rate and updates

the available throughput ŵwav in every sliding ob-
servation window, using (21).

4. The base station makes an admission control

decision using (20), that is, the user is admitted

if (20) is satisfied. If not, the base station checks

if the waiting time is within D, moves to the next
time window if it is true, and starts Step 3 again.
If the waiting time exceeds D, the request from
this new user is dropped.

A simple diagram for the above scheme is

shown in Fig. 6.

In the following, we illustrate that the above

scheme performs significantly better than the one

using the mean value of the SINR (MAI) over one
session. For convenience, we call the former

Scheme A, and the latter Scheme B. Define the

relative throughput prediction accuracy as

g ¼ 1� 1

Ns

XNs

n¼1

jŵwav;n � wav;nj
wav;n

; ð22Þ

where wav;n is the actual available throughput in
sliding window n, ŵwav;n is the predicted one, and Ns

is the number of sliding windows. In this exam-

ple, s is 5 min and Tm is 2 s. Table 1 gives the



Fig. 6. Admission control.

Table 1

Prediction accuracy g versus a (Tf ¼ 0:01 s, n ¼ 0:99, fm ¼
5 Hz)

a

1.1 1.3 1.5 1.7 1.9

Scheme A 82.7% 83.5% 86.1% 87.5% 88.3%

Scheme B 43.2% 43.7% 56.1% 59.2% 70.5%
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Fig. 7. (Estimated) Hurst parameter versus correlation coeffi-

cient n (Tf ¼ 0:01 s, fm ¼ 30 Hz).
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performance of two prediction schemes. Several

observations are in order: First, the prediction

accuracy of Scheme A is always better than

Scheme B; second, the performance of Scheme B

degrades dramatically with a, whereas Scheme A is
more or less not sensitive to the degree of heavy

tailedness. In a nutshell, the throughput prediction

in Scheme A is significantly more accurate than
that in Scheme B, and may be very useful for ad-

mission control for bursty data applications.
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Fig. 8. (Estimated) Hurst parameter versus Doppler shift fm
(Tf ¼ 0:01 s, n ¼ 0:99, fm ¼ 30 Hz).
7. Impact of fading and traffic burstiness

In the preceding sections, we have shown that

the multiple time-scale MAI prediction can en-
hance system performance significantly. In the

following, we seek to understand the following

important question: How would the level of fading

and traffic burstiness impact the utility of the

predictive MAI temporal structure?

To start with, we examine the impact of fading

on the MAI long-range dependence. In the AR

model for log-normal shadowing given in (2), n is
the correlation coefficient of the channels and Tf is
the time granularity. For a fixed Tf , the smaller n
is, the faster the fading is. In Rayleigh fading, the

Doppler shift fm governs the fading speed. Fig. 7
shows that the Hurst parameter increases as the

correlation coefficient n grows, and Fig. 8 reveals
that the Hurst parameter decreases as a function of

fm. Loosely speaking, the slower the fading is, the
stronger the MAI long-range dependence is likely

to be. Our intuition is as follows: Recall that the

MAI is a superposition of many interference pro-

cesses, each of which is a product of a fading

process and an ON/OFF process. We would ex-

pect that both the fading process and the ON/OFF

process affect the level of the MAI long-range de-

pendence. Then it is natural to expect that in
a practical (finite-size) system, the level of the
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Fig. 9. Rate adaptation: throughput gain versus n (Tf ¼ 0:01 s,
fm ¼ 30 Hz).
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long-range dependence lies in between that of the

fading process and that of the ON/OFF process.

Therefore, we would expect that a slower fading

results in a stronger temporal correlation. We also

notice that the impact of Rayleigh fading is not as
significant as the slow log-normal shadowing. This

is because Rayleigh fading ‘‘modulates’’ the bursty

traffic at smaller time-scales than shadowing, and

the short-range effect of Rayleigh fading can be

averaged out at large time-scales.

In Figs. 9 and 10, we examine the impact of

fading on rate adaptation. Fig. 9 shows that rate
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Fig. 10. Rate adaptation: throughput gain versus Doppler shift

fm (Tf ¼ 0:01 s, n ¼ 0:99).
adaptation is not sensitive to the correlation co-

efficient n related to log-normal shadowing. This is
because the transmission rate adaptation is fast

enough to trace the changing of the SINR in

slowly fading channels. In Fig. 10, we observe that

the throughput gain increases with the Doppler
shift fm, and the rate adaptation scheme with a
multiple time-scale MAI predictor can improve

system performance significantly when fm is large.
The underlying rationale is as follows: When fm
increases, the accuracy of the packet-level predic-

tion decreases. Furthermore, since the feedback

delay is much smaller than Tm, its impact on the
large time-scale prediction is negligible. Therefore,
the rate adaption with a multiple time-scale pre-

dictor achieves significant throughput gain, when

fm becomes large.
To examine the impact of traffic burstiness, we

assume for simplicity that aon ¼ aoff ¼ a. Fig. 11
shows that the relative improvement increases

when a decreases. Our intuition is that the smaller
a is, the more long-range dependent the MAI
would be, leading to higher prediction accuracy at

the large time-scale Tm. As a result, the relative
gain increases.

Next, we examine the fading effect on the joint

rate adaptation and admission control scheme.

Fig. 12 depicts the impact of Rayleigh fading on

the scheme using the multiple time-scale predictor

with Tm ¼ 2 s. As would be expected, our results
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Fig. 11. Rate adaptation: throughput gain versus a (Tf ¼ 0:01 s,
n ¼ 0:99, fm ¼ 30 Hz).
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show that the prediction accuracy for admission

control decreases as fm grows. We also investigate
the impact of traffic burstiness on the above joint

rate adaptation and admission control scheme.

Fig. 13 shows that the smaller a is, the less the
prediction accuracy becomes (but the relative gain

increases).

Worth noting is that we have investigated the
impact of fading and traffic burstiness on the

performance, for both systems with power control

and without power control in the downlink. It
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Fig. 13. Admission control: prediction accuracy g versus a
(Tf ¼ 0:01 s, n ¼ 0:99, fm ¼ 30 Hz).
turns out that the above conclusions are applicable

to both cases.
8. Conclusions

In this paper, we first characterize the MAI

process in CDMA networks. This approach si-

multaneously takes into account time-varying

channel conditions and the burstiness of data
traffic, and opens a new dimension to understand

the corresponding MAI temporal correlation

structure. Our findings show that the MAI process

is asymptotically (second-order) self-similar, indi-

cating the existence of a non-trivial predictive MAI

structure at coarser time-scales. This predictive

MAI temporal structure is exploitable for adaptive

resource allocation to achieve efficient interference
management, which is the key to achieving high

spectral efficiency in CDMA systems.

Next, we utilize the predictive MAI structure to

explore rate control and admission control. Spe-

cifically, we propose a multiple time-scale MAI

predictor for interference sensing, built on which

we devise a rate adaptation scheme. The rate ad-

aptation uses a combination of spreading gain
control and adaptive coding. Our result shows that

rate control using the multiple time-scale MAI

predictor performs better than that using the

packet-level MAI predictor only, and can improve

the system throughput significantly. Furthermore,

we also exploit the MAI structure to improve ad-

mission control for data applications. In particu-

lar, we introduce a sliding observation window
within which rate control is conducted, and the

predicted throughput in each sliding window is

used for admission control. Our results reveal that

this admission control scheme may be very useful

for bursty data applications. We also investigate

the impact of fading and traffic burstiness on the

system performance. In a nutshell, the faster the

fading is, the more significant gain resource allo-
cation (particularly rate control and admission

control) using the multiple time-scale MAI pre-

dictor would yield. Furthermore, the more bursty

the traffic is, the more gain we can expect by

making using of the predictive MAI temporal

structure.



792 J. Zhang et al. / Computer Networks 42 (2003) 779–795
Appendix A. Proof of Theorem 3.1

(a) Consider the MAI from cell i. For conve-
nience, define the centered process

eUUKiðtÞ,
1ffiffiffiffiffi
Ki

p
X
k2Ci

Pk;iðtÞXk;iðtÞ
 

� E
X
k2Ci

Pk;iðtÞXk;iðtÞ
" #!

;

and for any x > 0,

SKiðxÞ,
Z x

0

g1;iðtÞ eUUKiðtÞdt:

By the central limit theorem, eUU KiðtÞ converges
weakly, as Ki ! 1, to a Gaussian process with
mean zero. Let eUU ðtÞ denote the corresponding
limiting Gaussian process, and define the process

SðxÞ,
Z x

0

g1;iðtÞ eUU ðtÞdt:

Then, the accumulated MAI from cell i over the
interval ½0; x� is given by
1ffiffiffiffiffi
Ki

p
Z x

0

I1;iðtÞdt ¼ SKiðxÞ þ
1ffiffiffiffiffi
Ki

p l1
l1 þ l2

�
Z x

0

g1iðtÞ
XKi
k¼1

E½Pk;iðtÞ�dt:

ðA:1Þ

Using the monotone convergence theorem [28] and
Condition 2, we obtain that

lim
Ki!1

1

Ki

Z x

0

g1iðtÞ
XKi
k¼1

E½Pk;iðtÞ�dt ¼ lp

Z x

0

g1iðtÞdt:

It follows from Condition 1 that

var

Z x

0

g1iðtÞdt
� �


 ‘4x2H2 ðA:2Þ

and

cov SðxÞ;
Z x

0

g1iðtÞdt
� �
¼ E

Z x

0

Z x

0

g1;iðuÞ eUU ðuÞg1iðvÞdudv
� �

¼ 0:

ðA:3Þ

Next we show that

Step I: fSKiðxÞ; x > 0g converges weakly to the
process fSðxÞ; x > 0g.
Step II: As x! 1, var½SðxÞ� 
 ‘5x2H1 if H26H1
and var½SðxÞ� ¼ oðx2H2Þ if H2 > H1.

Step I: We prove, by constructing the proces-
ses on a common probability space, that
fSKiðxÞ; x > 0g converges weakly to the process
fSðxÞ; x > 0g. By Condition 1, gðtÞ is bounded for
0 < t6 x. Since eUU KiðtÞ converges weakly to eUU ðtÞ,
by appealing to Skorohod�s Theorem [5, Theorem
25.6], there exists a probability space support-

ing eUU �
Ki
ðtÞ, Ki ¼ 1; 2; . . . and eUU �ðtÞ jointly

(where eUU �
Ki
ðtÞ¼d eUU KiðtÞ and eUU �ðtÞ¼d eUU ðtÞ), so that

sup06 t6 1 j eUU �
Ki
ðtÞ � eUU �ðtÞj ! 0 as Ki ! 1, almost

surely. Since g1;iðtÞ is independent from theeUU KiðtÞ�s, we can enlarge the probability space to
support this gðtÞ as well. Then, the continuity
of g1;iðtÞ assures that

sup
06 x6 1

Z x

0

g1;iðtÞ eUU KiðtÞdt
���� �

Z x

0

g1;iðtÞ eUU ðtÞdt
����

¼d sup
06 x6 1

Z x

0

g1;iðtÞ eUU �
Ki
ðtÞdt

���� �
Z x

0

g1;iðtÞ eUU �ðtÞdt
����! 0;

ðA:4Þ
as Ki ! 1, which dictates directly that SKiðxÞ
converges to SðxÞ, for 0 < x < 1. Now let us turn
to the case when x ranges over ½0;1Þ. Because
weak convergence on C½0;1Þ is, by definition,
convergence with respect to the topology of uni-

form convergence on each finite interval (see, e.g.,

[41, p. 500]), i.e., a process fSKiðxÞ; x > 0g con-
verges weakly to fSðxÞ; x > 0g if and only if,
for each x < 1, fSKiðtÞ; 0 < t6 xg converges

weakly to fSðtÞ; 0 < t6 xg. We conclude that
fSKiðxÞ; x > 0g converges weakly to the process
fSðxÞ; x > 0g.

Step II: Let f denote that the correlation func-
tion of eUU . Then,
var½SðxÞ� ¼ 2varð eUU ð0ÞÞvarðg1;ið0ÞÞ

�
Z x

0

Z v

0

fðuÞ.ðuÞdudv

þ 2 E½g1;ið0Þ�ð Þ2varð eUU ð0ÞÞ
Z x

0

Z v

0

fðuÞdudv:

ðA:5Þ
Then, appealing to [35, Theorem 1], we have thatZ x

0

Z v

0

fðuÞdudv 
 c2x2H1 : ðA:6Þ
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If H26H1, thenZ x

0

Z v

0

fðuÞ.ðuÞdudv

¼
Z x

0

Z v

0

oðu4H1�4Þdudv ¼ oðx2H1Þ:

On the other hand, it is straightforward to see that

when H1 < H2,Z x

0

Z v

0

fðuÞ.ðuÞdudv ¼
Z x

0

Z v

0

oðu4H2�4Þdudv

¼ oðx2H2Þ:

Hence, we have that as x! 1,

var½SðxÞ� 
 ‘5x2H1 if H26H1;
var½SðxÞ� ¼ oðx2H2Þ if H2 > H1:

�
ðA:7Þ

Combining (A.1), (A.2), Steps I and II, we con-

clude that as both T and W go to infinity,

the (normalized) MAI from cell i, T�HW �1=2R Tt
0

I1;iðuÞdu is asymptotically self-similar with the
Hurst parameter H ¼ maxðH1;H2Þ (see, e.g., [27]).
(b) A simple application of [35, Theorem 2]

yields part (b). �
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