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_ Abstract—Channel aware and opportunistic scheduling algo- scheduler, which is referred to as opportunistic round rrobi
rithms exploit the channel knowledge and fading to increase scheduling (ORS) was introduced in [5]. It is a combination
the average throughput. The maximum throughput scheduler ¢ e RRS and MTS. The comparison of different schedulers

(MTS) transmits only to the best user at a time. It is unfair . . o L
to users at the cell edge. Obviously, there is a tradeoff between with respect to different performance criteria is a highigole

average throughput and faimess in the system. In this work, research area. For example, in [6] the throughput guaramtee
we study four representative schedulers, namely the MTS, the olation probability is approximated and simulated for eliént
proportional fair scheduler (PFS), the (relative) opportunistic schedulers in different channel models.

round robin scheduler (ORS), and the round robin scheduler In order to quantitatively measure the impact of the sched-

(RRS). We show that the average sum rate performance and the | the fai diff t d in th
average worst-case delay depend strongly on the user distributio uler on the f1airness, difierent measures aré propased In the

within the cell. MTS gains from asymmetrically distributed users ~literature [7], [8], [9]. The Jain fairness index (JFI) defth
whereas the other three schedulers suffer. On the other handhe in [7], also known as the Global Fairness Index (GFI) [10],

average faimess of MTS and PFS decreases with asymmetrical provides a single number between zero and one that measures
user distribution. The key contribution of this paper is to put e fairess even for resource scheduling in finite windows.
these tradeoffs and observations on a solid theoretical basis. €h The average faimess defined in [8] is developed from an
scaling laws of the average sum rate with the number of users . oo o
as well as of the average worst-case delay are derived. Both theinformation-theoretic view. The worst-case delay as itged
PFS and the ORS provide a reasonable performance in terms in e.g. [9] measures the average number of transmissions
of throug_hput and fairn_ess_. However, PFS outperforms ORS for needed until all users were active at leastimes.
fsémargigﬁﬂtrlif;ru‘i::r'cit’ig'r?&i}o"xzéreas ORS outperforms PFS  opyiusly, there exists a tradeoff between average through
put and average fairness. In this paper, we study this tfadeo
I. INTRODUCTION, RECENT RESULTS AND PRELIMINARIEs fOr the four scheduling algorithms MTS, RRS, PFS, and ORS.
) o The contributions of the paper are as follows: In Section I-E
A. Introduction and contributions closed-form expressions for the four schedulers for atyitr
The optimal strategy for maximizing the sum capacity withiser distributions are derived. The impact of the useridistr
perfect channel state information (CSI) of a cellular séagl tion on the average sum rate is analyzed in Section Il and it is
input single-output (SISO) multiuser channel is to allowyon shown that the average sum rate is increased with asymmetri-
the user having the best channel conditions in terms of SNRI user distributions for MTS. For all other schedulers &RR
to transmit at each time slot (TDMA). This result in [1]PFS, and ORS) it decreases. Different fairness measures and
has induced the notion of multiuser diversity [2], i.e. th#heir properties are discussed in Section Ill. Furthermaore
achievable capacity of the system increases with the nuofbestudy the impact of the user distribution and its connecten
users. The corresponding scheduling policy is called marim the activity probabilities. The asymptotic performanceffigh
throughput scheduler (MTS). SNR or large number of users is analyzed in Section IV. In
A major disadvantage of MTS is its unfairness against useggction V, we illustrate the theoretical results with nuicedr
at the cell edge. On the other hand, the most fair but chans#gle-cell multiuser simulations.
unaware scheduler is the round robin scheduler (RRS) [ﬂ
that is, all transmissions take place in a strict cyclic arde
In order to increase the fairness for users at the cell edgeln the signal model, there ar& mobile users who are
the so called proportional fair scheduler can be applied TBHoIng to receive data from one base station. The singleaate
proportional fair scheduler (PFS) weights the instantaseoduasi-static block flat-fading channéls, ..., hx between the
transmission rates by their averages to find the best asetr mobiles and the base are modeled as constant for a block of

achieves equal activity probability for all users [4]. Yapgher coherence length” and from block to block as zero-mean
independent complex Gaussian distributed with (GN;).

1This is sometimes called normalized SNR scheduler. The variance isc, = E[|hk|2} for 1 < k < K. The

! System model



additive zero-mean white Gaussian noiggt), 1 < k < K, It is worth mentioning that majorization induces only a

at the receivers are independent identically distribuiet) ( partial order on vectors with more than two components, i.e.
with variances? each. Furthermore, we assume that the sunot all possible vectors can be compared with each othes. Thi
transmit power is constrained to be. The SNR is given is due to the fact that vectors with more than two components
by p = %. The received signal at mobilg at time ¢ is cannot be totally ordered. However, a sufficient number of
k() = hie 3315, 24(t) 4+ nie(t). In the following, we omit the VECtors can be compared. Also, the extreme cases can be used

time index for convenience. The statistics of the fadingnciea fOr comparison with any other vector. For more information
coefficientsh,;, are completely characterized by their respectivd?out this measure of user distribution and its applicasiea

cx. The transmit power directly corresponds to the variance B3; Section 4.2.1].

the transmit signaly;, = E [|z]?] for 1 < k& < K. The _

l;-norm of the power allocation vectgs = [py,...,px] is D- High-SNR measureS., and L.,

constrained to bélp|| = 3>, px = P. For1 < k < K The quantitative performance is analyzed using the high-
define wy, by [|h]|* = cpws, i.e. thew,, are iid standard SNR offset concept from [14]. Denote l§(p) the average

exponentially distributed random variables. We assunmitiea throughput as a function of the SNR. The two high-SNR
receivers have perfect CSI. Further on, we collect the ollanmeasures are introduced as follows

states in a vectoh = [hq, ..., hi].

In this work, we restrict our attention to a certain utility S = lim Clp) and
function namely the transmission rate. Another approach is p—oo log(p)
generalize to other utility functions of the ty@é(z) = flt: r —  lim <log(p) B C(P)) 1)
wherez is the capacity share and > 0 is a free parameter. ~ p—00 Soo )

Our results correspond to the special case 0. The measureS,, is called high-SNR slope and the measure

C. Measure of user distribution L is called high-SNR power offset. At high SNR the average

. o o[dB]
The distance of the MS: from the BS determines the troughput behaves Iik€'(p) = S ( 335 _ﬁoo) +O0(1).
average channel powaet;. In the following, we call the FOr convenience, these high-SNR measures are defined in 3-dB

vector of average channel powets= [cy, ..., cx], the user upits. For further discussion, see [14, Section Il]. These t
distribution. In order to guarantee a fair comparison betwe Nigh-SNR measures are useful if two systems are compared
different user distributions, we constrain the sum varistacoe Which differ either in their multiplexing gain, i.e. the gle
equal to the number of users, i, ¢x = K. Without loss of the average throughput curve at high SNR, or which have
of generality, we order the users in a decreasing way aaugrdfdualSe. but are shifted at high SNR.

to their fading variances, i.ec; > ¢ > ... > ci. The

constraint regarding the sum of the fading variances essufe Types of (channel aware) scheduling

that we compare scenarios in which the channel carries thef perfect CSl is available at the base station, the sum rate
same average sum power. is maximized by single-user transmission to the best usigr on

We need the following definitions [11]: [1], i.e. TDMA achieves the sum capacity. This result leals t

Definition 1: For two vectorsz,y € R™ ordered in de- the notion of multiuser diversity [2]. This scheduler isledl
creasing order one says that the vestonajorizes the vectoy  MTS and the achievable average sum rate is given by
and writesx > y if " 2 > >y form=1,...,n—1
and iy Tk = 3y Y- © RMT — {log (1 + p max |hk|2>:| : (2

The next definition describes a functidnwhich is applied s 1<k<K
to the vectorx andy with x > y:

Definition 2: A real-valued functior defined ond C R™
is said to beSchur-convenn A if x -y on A implies®(x) >
®(y). Similarly, ® is said to beSchur-concaven A if from o
x =y on A follows ®(x) < ®(y). RMT — / P
Majorization is a useful tool to compare the impact of vec- o l+pt
tors which can be partially ordered. The common monoto
properties of scalar functions corresponds to the Schaveoo
property of vector functions. The reason why it is callediBeh
convex and not Schur-monotone is that every symmetric aﬁﬁil
convex vector function is Schur-convex. Majorization isagke
and active area of research in linear algebra, with entiok®o
[11] devoted to its theory and application.

Note that the average sum rate of the MTS can be written in
integral representation [15] as

K __t
1—]}:[1(1—e %)]dt. 3)

Phe case with symmetrically distributed users & 1)

has been derived in [16]. The MTS is unfair from a user-
rspective because mobiles at the cell edge have less-proba
ty to be served.

The opposite type of scheduler is the round-robin scheduler
(RRS). Itis not channel aware. It minimizes the average wors
case delay, i.e. the average time until every user has been

°Note that sometimes majorization is defined by the sum ofsthallest served at least once. Note that there exists also the welighte
m components [12]. RRS that achieves max-min fairness in terms of throughput




rather than in terms of transmission resource. The average

sum rate of the unweighted RRS is given by

RIl =E

sSum

1 K
w2 log (1+ plthQ)] :

k=1

Note that (4) can be rewritten in closed form as

K
RER — 1 E Ei (1, 1> exp <1>
K& \par) P e

where the exponential integral is given by (&ix)

J1 exp(—ta)t—dt.

[I. ANALYSIS OF SUM RATE PERFORMANCE
The following result is proven in [19] and restated here
for convenience. It states that a more asymmetrical user
4) distribution increases the average sum rate with MTS.
Theorem 4:The average sum rate of the MTS is Schur-

convex with respect te, i.e.
c>=d= RYT (c) > RMT (d). (10)

sum Sum

5) The average sum rate of the RRS is Schur-concave with
respect to the vector of average user powerse.

_ c=d= RE (c) < RET (). (11)

The average sum rate of the PFS is Schur-concave with

These two schedulers are the two most extreme cases. Féi$pect to the vector of average user powerse.
MTS maximizes the average sum rate whereas the RRS min-
imizes the average worst-case delay. A compromise between ¢ d= R[], (c) <RL[.(d). (12)
the two is the proportional fair scheduler (PFS) [2]. For the e average sum rate of the ORS is Schur-concave with
analysis, we use the so called relative SNR scheduler. Tare USspect to the vector of average user powere.
is served which has the highest ratio of the instantaneol® SN

to average SNR. Hence, the achievable sum rate is given by c=d= RS (c) < RO (). (13)
) In conclusion, there is only one scheduler which improves
sum

REE =T [log (14 pl[hy-|1?)] with
[Ihwe][?

k™ = arg max .
1<k<K  cj

Note that (6) can be rewritten as

RPE — iii(_l)kl K Eil1 * e
sum K l ’pc
k=11=1 k

because the scheduling probability of all users is eque}{;to

for asymmetrically distributed users, namely the MTS. The
average sum rates of the other schedulers, PFS, ORS, and
RRS, decrease with more asymmetrically distributed user.

IIl. FAIRNESS ANALYSIS

A. Analysis of average worst-case delay

(7) In oder to capture the fairness of the different schedulers,
the average worst-case delay is considered. The averagé wor
case delayE[D,, x| measures the average number of trans-
missions that are needed until &l users have been active at

Another interesting channel aware scheduler is proposedlélastm times. We defineD, = E[D; x]

[5]. The one-round version [17] of the relative opportuiaist

The two most fair schedulers are the RRS and ORS. Both

round-robin  scheduler (ORS) guarantee_s the same avergiife an average worst-case delaynof(, because all users
worst case delay as the RRS but exploits a certain amoupi, guaranteed to be active within a blockioftransmissions.

of multiuser diversity. It consists oK rounds and initializes Especially
the set of available uset$ with S = {1, ..., K'}. The relative ;
best usemaxycs % out of the set of available users is
picked and removed from the set within each step. After

it takesK transmissions until every user has
transmitted exactly once, i.e.

DS = DPRS = K. (14)

steps it is guaranteed that all users were active at leagt. onc The PES normalizes the users channels. Therefore. the

The sum rate performance is derived in [18, Eq. (8)]

ROE  — % ni§<n;1>(_1)j

For our analysis, we prefer the representation in the faligw

lemma.
Lemma 3:The average sum rate of the ORS (8) can he
written as
o ] KX Can 0
1- — (1 - *?) P
[l-mino--]2s

probability of userk being active is, independently df,
1<k <K, equal to%. Especially, it is independent of the
user distributionc. The result from [20] applies fom = 1

DPFS — K/ 1— (1 —exp(—z))¥at (15)
(®) b
Note that (15) can be written @875 = K (U(K + 1) + )
with the W-function [21, 6.3] and Euler's constant [21,
6.1.3].
The analysis of the MTS is more difficult. Rewrite the
average worst-case delay [9, Section 3.3] without dropping
probability as

9) DMTS — n/ooo <1 - ﬁ (1 — W)) dt. (16)

k=1



Form = 1, the expression in (16) says how many packets areDefine the vector of probabilities that useitis pickedw =
transmitted on average until every user has at least tréesmi [, ..., 7x] as a function of the user distributiay i.e.
one. The coefficientd,. in (16) are related to the probability
that userk is chosenm;, = dfk For the MTS, we prove the 7mi(€) = Pr | cpwy > max cwy (20)
following resuilt. t#k
Theorem 5:The average worst-case deld§[D, k] is Unfortunately, the next result is an impossibility result.
Schur-convex with respect 14, i.e. It shows that it is not possible to say thatdf > d then
MTS MTS automaticallyw(¢) = (d).
d = dy — D77 (dh) 2 Dy (da). @D Lemma 7:Th(e)map|(3irzg from the vector of user distri-
butions to the vector of service probabilities is not order
Theorem 5 formally states the intuitive fact that the averagreserving with respect to the partial order Majorization.
worst-case delay grows if some users are less frequentiyeact
on average. If the probability that users active is equal tqlg,
independently of;, then the expression in (16) is minimized. In this section, we characterize the average sum rate of
Note that a similar analysis has been performed in the differ the different scheduling schemes for high SNR or for a large
context of Birthday matching in [22]. number of users. The scaling laws of the schemes are derived
as a function of the user distribution.

IV. ASYMPTOTIC CHARACTERIZATIONS

B. Jain’s fairness index and dispersion
In [7], a quantitative measure of fairness is introduced. K. High SNR behavior
is called Jain’s fairness index (JFI) or Global Fairnesseind ¢ high SNR slopeS.. as defined in (1) for all four

(GFI) [10]. Define x;, as the amount of a resource that i%cheduling schemes is equal to one because
distributed to usek. Then, JFI is defined as [7, Eq. (2)] JEI

K 2 e}
M Let us specialize this general definition to the S = lim fO log(1 + pa)pdf (x)dx =1. (21)
case in ‘which one unit of resource is one transmission. The P log(p)

JFI is averaged ovek transmissions [18] It is allowed to swap integration and limit by applying the
2 Dominated Convergence Theorem. In general, any TDMA
Er (% Zle Ik) scheme could have at most a high SNR slope of one. The

JFI(L) = high SNR power offset is different for the four schedulers,

1K 2
Erge 2k=1 i which is shown in the following.
Denote by, the probability that userk is active within  Theorem 8:For MTS, the maximum and minimum high
L transmissions, them;, = m,L. Let L — oo to obtain  SNR power offsets are given by

L K Tk
the long-term average JFI as JFI M Note that

X her Th max(LooM?) =~ —log(K) (22)
e, m = 1 and this leads to the dispersion pf X .
1 min(LM") = 4+ —1)k1 < >10g k).
Dsp() — (18) ( ) kz_:l( ) 3 (k)

K
D ke1 Th
Interestingly, this measure of fairness is closely related
Majorization theory.

For RRS, the high SNR power offset as a function of the user
distribution is given by

Theorem 6:The dispersion is a Schur-concave function of RR 1 K
the vectorr, i.e. Loc™e) = 5= > vy —log(ck). (23)
k=1
= < . . .
™1 = my = Dsp(m1) < Dsp(m>) 19 o PFS, the high SNR power offset as a function of the user
C. Connection of user distribution, service probabilitypyda distribution is given by
delay K K
From the results in the last subsections follows that the  "¥(c) = v — 1 Z(_1)l—1 <[l() log (l> . (24)
impact of the user location on the different fairness messur K k=1 1=1 Ck

depends on the resulting activity probability vecgorThere- For ORS, the high SNR power offsets as a function of the
fore, we have to map the user distribution vectoto the user distr,ibution is given by

activity probability vectorm. The concrete mapping depends

on the chosen scheduler. For PF_S the activity probabilifes oR 1 Ko KEnl,/ 4 (=1)d
all users are equal to, = % and independent af. Loo™(e) = K2 Z ”Z Z j 1+ '
In order to apply Majorization theory to the analysis of the n=l k=1j=
average worst-case delay as a function of the user disiput _ (7 4 log (1 + J)) . (25)
we have to transfer the partial order for user distributitms Ck

the partial order for probability that a uskris picked.



The proof of Theorem 8 follows similar lines as in [23, Average performance (symmetrical)
Theorem 2] and is omitted. Note that the Schur-convexity of »
(23) can be directly observed and this proves the result in 2
(11). However, in (24) and (25) the Schur-convexity cannot 1
be directly observed because of the alternating sum.

10

Average performance

5

m

The high-SNR power offsets obey the following inequality s s ors RS
chain EOON[T S {AcocPF;LooOR} S [-"OORR' The order of = avg sumrate 5,13129 513126 | 4,635476 2,9092
: B M avg worst case dela 70 70 20 20

PFS and ORS depends on the correlation scenario. Note that G T 2 2 2

the average worst-case delay does not scale with the SNR.

Average performance (asymmetrical)
30

25

20

15

10

5

B. Scaling with number of users

First, consider the case in which the users are symmetricall
distributed, i.ec = 1. The scaling behavior witli’ — oo for

Average performance

fixed SNR p can be easily shown by considering a simple ° s brs ors RS

upper and lower bound on the average sum rate. The average Do | o804 | 10213 | 550775 | 240009
. M avg worst case delay 3020 131,66 20 20

sum rate of RR does not scale with at all. The results can dipersion o7 | e | 20

be compared to [24].
Lemma 9:For symmetrically distributed useis= 1, the Fig. 1. ~Average sum rate, worst-case delay, and dispergiokf = 20

average sum rate of MTS, PFS, and ORS scale for I:ng symmetrically and asymmetrically distributed users.

with log(log(K)), i.e.

M P
lim M = lim Ry (K) A. General results
K=oo loglog(K) K_ZORIOg log(K) In Figure 1, the average sum rate, the average worst-case
= 1 Roum () -1 (26) delay, and the dispersion are shown for the four studied
K—oc log log(K) schedulers. In the upper figure, the users are symmetrically

The case in which the users are not symmetrically di(Sjlstrlbuted, i.ec = 1, whereas in the lower figure, the users

. o . . : are asymmetrically distributed with = 0.2. The results in
tributed is discussed in the numerical results section. . . . T
Figure 1 illustrate the following observations: The averagm

The scaling of the average worst-case delay with the nqug e of MTS increases with more asymmetrically distributed

of users is also of interest. Then next lemma gives the sg:ahﬂsers (compare to equation (10)), while the average sum rate

for the case in which the users are symmetrically distridute :
) f all thr ther scheduler r mpare t ti
it follows directly from (14) and 7). of a ee other schedulers decreases (compare to egsatio

i - (11), (12), and (13)). However, PFS outperforms ORS for the
Lemma 10:For symmetrically distributed users, the ave

X réymmetrical scenario whereas it is the other way round fer th
age worst-case delay scales linearly wifffor RRS and ORS. 5oy metrical scenario. Another observation is that theagee
For MTS and PFS, it scales d@§log(K), i.e.

worst-case delay is more differentiated than the dispersio

RRS ORS This underlines that the average worst-case delay is better
. D7) L DY(K) . : , - :

Khm —x = Khm I7a =1 suited for fairness analysis than the JFl-based dispersion
%OODMTS(K) HOODPFS(K) Finally, the average worst-case delay for the asymmetrical
lim ————2 = lim —+X——’ =1. (27) scenario of the PFS and ORS tends to grow without bound.
K—oo Klog(K) — K—oo Klog(K) Therefore, taking the tradeoff between fairness and aeerag
sum rate into account, the an perform reasonably

V. ILLUSTRATIONS te int t, the PFS and ORS f bl

well. PFS is advantageous in symmetric scenarios whereas
In this section, we present illustrations which validat®ORS performs better in asymmetric scenarios.

and explain the theoretical results from the last sections. ) )
The performance for the case with symmetrically distridute®: Scaling with number of users
usersc = 1 is compared to the case with asymmet- In figures (2) and (3), we show the average performance of
rically distributed users. For the asymmetric user distrihe four scheduling algorithms for symmetrically disttiéd as
bution, we choose an exponential decaying model = well as asymmetrically distributed users. The derivedisgal
exp(—tk) and normalize Zszl ¢, = K. Note that this laws in equations (26) and (27) are confirmed. The intergstin
does not model the path losses of the users. Each decay madbslervation is that for the asymmetrical case, PFS outpesfo
corresponds to a SNR or user distribution scenario, e.g. tB&S for a small number of users whereas it is the other way
flat modelc;, = 1/K corresponds to the case where the SNRund for large number of users.
values are lined up equidistantly. In the numerical simoiret The average worst case delay for MTS and PFS increases
we setK = 20 andt = 0.2, for each data point 100000 Montewith asymmetrical user distribution as predicted in Theore
Carlo runs are performed to compute the averages. 5. As soon as a single, approaches zero, the average



Scaling with number of users [symmetrical distribution]
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Fig. 2. Average sum rate and worst-case delay over number eyt dsr [9]
symmetrically distributed users.

[10]
worst-case delay approaches infinity. The round-robirethas
schedulers RRS and ORS are robust against the asymmetlll%lél
user distribution.

The main observation in this section is that for practicél2l
scenarios in which fairness is important as well as users g
randomly distributed within the cell, ORS clearly outpenis
PFS. Note that the results presented here hold for a static
scenario in which we place the users only once inside the Cﬁl]
and simulate the small-scale fading. Mobility as well affiza
models are left for further research.

(18]
Scaling with number of users [assymetrical with t=0.2]
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Scaling with number of users [assymetrical t=0.2]
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Fig. 3. Average sum rate and worst-case delay over numberest der
asymmetrically distributed users.

REFERENCES

R. Knopp and P. Humblet, “Information capacity and powentcol
in single-cell multiuser communicationsProc. |IEEE International
Conference on Communications (IC@pl. 1, pp. 331-335, June 1995.
D. Tse and P. ViswanathFundamentals of Wireless Communication
Cambridge University Press, 2005.

F. Halsall,Data communications, computer networks and open systems
4th ed., ser. Electronic systems engineering. Addison-&ye4096.

L. Yand and M.-S. Alouini, “Performance analysis of mu$ter selection
diversity,” IEEE Trans. on Vehicular Technologyol. 55, no. 6, pp.
1848-1861, Nov. 2006.

S. S. Kulkarni and C. Rosenberg, “Opportunistic schedyulpolicies
for wireless systems with short term fairness constraiftgc. |IEEE
Globecom pp. 533-537, 2003.

V. Hassel, G. Oien, and D. Gesbert, “Throughput guamsfer wireless
networks with opportunistic scheduling: a comparative BtudEEE
Trans. Wireless Communications, submitt2d07.

R. Jain, D. Chiu, and W. Hawe, “A quantitative measure dfrfass
and discrimination for resource allocation in shared compsgstems,”
DEC Research Report TR30%ept. 1984.

R. Elliott, “A measure of fairness of service for schedglialgorithms
in multiuser systems,Proc. IEEE Canadian Conf. on ECpp. 1583—
1588, 2002.

M. Sharif and B. Hassibi, “Delay considerations for opjpmistic
scheduling in broadcast fading channellEE Trans. on Communi-
cations vol. 6, no. 9, pp. 3353—-3363, Sept. 2007.

N. Golmie, Coexistence in Wireless NetworksCambridge University
Press, 2007.

A. W. Marshall and I. Olkin,Inequalities: Theory of Majorization and
Its Application Mathematics in Science and Engineering Vol. 143,
Academic Press, Inc. (London) Ltd., 1979.

R. A. Horn and C. R. JohnsoMatrix Analysis Cambridge University
Press, 1985.

E. A. Jorswieck and H. Bocheylajorization and Matrix Monotone
Functions in Wireless Communicatignser. Foundations and Trends
in Communications and Information Theory, S. Merded.  Now
publishers, July 2007, vol. 3, no. 6, pp. 553-701.

A. Lozano, A. M. Tulino, and S. Veid “High-SNR power offset
in multiantenna communication/EEE Trans. on Information Theoyy
vol. 51, no. 12, pp. 4134-4151, Dec. 2005.

E. A. Jorswieck, M. Bengtsson, and B. Ottersten, “On thierplay
between scheduling, user distribution, CSI, and performaneasures
in cellular downlink,” in Proc. EUSPICO, invited2006.

C.-J. Chen and L.-C. Wang, “A unified capacity analysis Wireless
systems with joint multiuser scheduling and antenna diveiisitnak-
agami fading channelslEEE Trans. on Communicationgol. 54, no. 3,
pp. 469-478, Mar. 2006.

M. Johansson, “Diversity-enhanced equal access -iderable through-
put gains with 1-bit feedbackProc. IEEE SPAWC2004.

V. Hassel, R. Hanssen, and G. Oien, “Spectral efficieamay fairness for
opportunistic round robin schedulingProc. IEEE ICG pp. 784-789,
2006.

E. A. Jorswieck and H. Boche, “Throughput analysis dfutar down-
link with different types of channel state information,” Rroc. of IEEE
ICC, 2006.

D. J. Newman and L. Shepp, “The double dixie cup probleAnier.
Math. Monthly vol. 67, no. 1, pp. 58-61, Jan. 1960.

M. Abramowitz and I. A. Stegurlandbook of Mathematical functions
Dover Publications, 1970.

M. L. Clevenson and W. Watkins, “Majorization and thertbday
inequality,” Mathematics Magazinevol. 64, no. 3, pp. 183-188, June
1991.

E. Jorswieck, P. Svedman, and B. Ottersten, “On the pmdace of
TDMA and SDMA based opportunistic beamformin¢ggZEE Trans. on
Wireless Communications, submitte&07.

M. Sharif and B. Hassibi, “A comparison of time-sharingP®, and
beamforming for MIMO broadcast channels with many uselSFE
Trans. on Communicationsol. 55, no. 1, pp. 11-15, Jan. 2007.



