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Multiple Access Channel With Bursty Traffic
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Abstract— Multiple antennas at the transmitters and receivers in this context was to minimize the end-to-end distortiam. |
in a multiple access channel (MAC) can provide simultaneous their later papers [6] and [7], Holliday et al generalizedith

diversity, spatial multiplexing, and space-division multiple access o jation to include the distortion due to delay, where th
gains. The fundamental tradeoff in the asymptotically large SNR :

regime is shown by Tse et al. (2004). On the other hand, MAC delay |_s caused by random service time of Fhe .ARQ prqcess.
scheduling can provide a statistical-multiplexing gain to improve [N this paper, we answer the same question in a multi-user
the delay performance as shown by Bertsimas et al. (1998) and context. We consider a cross-layer queue-channel optimiza
Stolyar and Ramanan (2001). In this paper, we formulate and tion problem for bursty and delay-sensitive traffic sources
analytically derive bounds on the optimal operating point for \ye consider a system where each user has a bursty source
MIMO-MAC channel for bursty sources with delay constraints. . s .

Our system model brings together the four types of gains: concatenated with an infinite buffer and a MIMO multiple
diversity, spatial multiplexing, space-division multiple-access, am ~ access channel (MIMO-MAC). The end-to-end performance
statistical-multiplexing gains. Our objective is to minimize the metric of interest is the total bit loss probability, wheosd
end-to-end performance as defined by the delay bound violation can be due to either delay violation or decoding errors in the
probability as well as the channel decoding error probability. We MIMO-MAC channel. From a user’s perspective, we face the

find the optimal diversity gain and rate region in which the system . ) . . . .
should operate. As an example, we illustrate our technique and following tradeoff: the higher the multiplexing gain thettez

the optimal operating point for the case of a compound Poisson the delay performance, but the inevitable decrease insityer
source. In addition, we note an interesting interplay between the results in an increase in MIMO channel errors. At the same
intensity of the traffic and resource pooling with regard to both  time, the statistical variation in the traffic patterns agosers
multiple-access and statistical-multiplexing gains. provides us with flexibility in allocating the resources.
Index Terms— cross-layer optimization, diversity-multiplexing The main contribution of this paper is the formulation of a
tradeoff, MIMO multiple access channel, statistical-multiplexing.  cross-layer optimal operating point for a MIMO-MAC channel
with bursty sources and delay constraints. In particulag, w
provide a methodology for characterizing the optimal diitgr
|. INTRODUCTION gain and rate region in which the system should operate in a
Multiple antennas can be used to enhance the erformaMWlo_MAC chanr_1e| with a given high SNR_and description
b P r(]Jﬁhe bursty traffic sources. To achieve this, we assume an

oime|I;eIness slystt()ams;[ ;Lherrﬂugliﬁ:e ar:t?/ril;asvc?r}tb € ;:lsedoﬁimal scheduler design which dynamically controls users
simuftaneously Doost the reliabiiity (pro . r[g. ersityga ) transmission rates (or equivalently, the multiplexingngaias
and the data rate (providingpatial multiplexinggain). In : . . .
addition, in multiple access scenarios where multiple s1see a function of queue backlogs. This dynamic adaptation of
transmit’tin to apcommon receiver. multiole receiSe a nmultiplexing gains accounts fatatistical-multiplexingwhile
g ; ) pe . leveraging the known tradeoff between diversity, spatial-m
also prpwde mulUp[e -accessgain by allowing for ;patlal {iplexing and multiple-access gains given in [2]. From a
T o e e wesesgeduIng perspecte, siascamulileng s  echa
between tﬁese three tvoes of gains at high SNR nism by which the network resources are used to improve the
our aoal in this Z\per i gto answe? the l.Jestion firdelay performance for bursty users. In particular, siatibt
9 . pap I s ques! . %ultiplexing capitalizes on the fact that peaks in traffic of
posgd by. HoIhdgy and Goldsmith in [5]: “given the diversity imultaneously ongoing traffic streams rarely coincide. We
multiplexing region, where should one choose to operate‘ge"eve that our result can be viewed as a first step in

Holliday and Goldsmith answered this question in the C(mtei)ﬁtegrating the known spatial diversity and multiplexingda

of the cross-layer design of a point-to-point system Where%?.lltiple—access gains with that of the statistical-migtking.
source encoder is concatenated with a MIMO link. Their go other words, for the first time, our model brings together
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d* or its bounds for a particular class of compound PoissonDefinition 1: A source S is said to satisfy an LDP with
sources. Finally, in Section V, we discuss the shortcomafgsdecay functioh A* : R — [0, o] if, for large enought and
the present paper, possible extensions, and future work. for smalle > 0,

Pr {St €la—eate)| et (@) (1)
II. SYSTEM MODEL t

whereA* is a lower semicontinuous function and has compact

. \t/_\/e colnst![d(ejr thz archﬁetcturfetihown n Fig. 1. The tSySteIgykel set$ (see [3] and [9] for more discussions in LDP).
1S ime-siotted and consists of ree main components, €aclyaqy 1. (Gartner-Ellis theorerh Suppose a sourcs satis-

shown with a different number. The first component consisﬁ%S the following:
of K homogeneous users, each of which has an identical bukssumption A
independent bursty source: each source generates informat o . )

bits according to a stochastic process. When appropriage, th1) The limiting log-moment generating function

bits are buffered prior to transmission over the channeé Th A(9) = lim 110 E[e?5] @
second component of interest is a MIMO multiple access chan- T AN
nel without channel state information (CSl) at the trantarst exists for alld, where-+oco are allowed both as elements

but with perfect CSI at the receiver. The receiver consists  of the sequence and as limit points.
of a joint maximum-likelihood decoder. In the absence of 2) The origin is in the interior of the domai, :=
CSI at the transmitters, we assume that the MIMO-MAC {0|A(F) < o} of A(6).

operates at a common diversity gain, which in turn specifiesz) A(¢) is differentiable in the interior ofD, and the
the corresponding capacity region of the MIMO MAC channel  derivative tends to infinity ag approaches the boundary
as given in [2]. However, the individual rate of each useris  of p,.

determined dynamically by the rate scheduler which is the g) A(6) is lower semicontinuous, i.éiminf, _g A(6,) >
third component in our system. This is a centralized rate A (g) for all . !

scheduler that dynamically determines the transmissitnsraThen the sources satisfies an LDP and its decay function
of the individual users given queue state information (Q@fI) described by (1) is given as
each user.

In this paper we are interested in the following questions: A*(a) = sup [fa — A(0)]. (3)
given a statistical description of the sources, a largeydela Remark 1:1t can be sghown that\* is a convex function
bound D, and ahigh SNR value of the channel, what istaking values in0, co] such thatA*(E[Sy]) = 0 where E[S,]
the optimal design of the scheduler, and what is the optimalihe average arrival rate of proce$q9].
operating diversity gain of the MIMO MAC channel. The Remark 2:Many source models commonly used to model
notion of optimality needs to take into account the Cha””Shrsty traffic in communication networks satisfy Assumpsio
decoding error as well as the delay bound violation probx ang B. Such source models include renewal processes,
abilities. We assume no restransmission of the bits in ergarkoy-modulated processes, and more generally stagionar
and map our objective to the sum of the probability of delgyrocesses with mild mixing conditions [3].
violation and the probability of channel error. In order ©0 Remark 3:From LDP, a source is fully characterized by
mathematically define this problem, we now model each @ftherA(-) or A*(-). An alternative to the LDP characterization
the above components precisely. of a source is the well-knoweffective bandwidti{see [8])

which was used in our previous study for a point-to-point

scenario [14].
A. Source Model

We assume that the total number of information bits gem MIMO-MAC Channel Model and PHY Model
erated by user (: = 1,...,K) is given by a sequence
St ={Si,t=1,2,...}, whereS; is the total number of bits

of useri generated up to timeslatand 5y = 0. In addition, transmitters seeing i.i.d. fading channels, perfect syrsin-

we assume that the 6?”"’6" processes i = 1,..., K, are chronization and perfect CSI at the receiver but no CSI at
identical and mutually independent. We also assume thé&t eac : . ;
: ; . . . . any transmitters. Each transmitter haé transmit antennas,
arrival processS* has stationary increments and satisfies g, . . : .
o S ) ) while the receiver hadV receive antennas. Space-time coding

Large Deviations PrincipléLDP). In the appendix, we discuss

an additional sample path LDP assumption (Assumption E ppens over a channel coherence time which is assumed to

on the arrival processes. Here. to keep the flow of the pa crntainT symbols. We assume the duration of a timeslot is
. ) al p e P . P pgq’ual to the channel coherence period, i.e., a timesloagwnt
in this section we only provide the LDP assumption and the

consequent characterization of the sources which is based 0up, jarge deviations literature, th&* function is typically called a “rate”
LDP. function. Here we use the name decay function to avoid coorfusiith

: - transmission rate.
In general, consider a source procesgenerating a se- "SSP EE L o
quence{S;,t=1,2,...} of random variables, whers; is 3We assume either a sufficiently large symbol rate or a suffigiemall

the total number of bits generated up to timeglot number of antennas such tHat> KM + N — 1.

We use the same symmetric MIMO multiple access chan-
nel model as described in [2] which assumes symmetric
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Fig. 1. System model and the two causes of bit loss: delaytidolaand channel decoding error.

Multiplexing gain region R(d)

T symbols. Since the transmitters are assumed to know only 2
the channel statistics, including the average received ,SNR 18 =
they always transmit at the maximum powers which are woooNe | — =

_____ —d=2
equal for all transmitters. The channel fading processabheof L e
transmitters are assumed to be stationary over time, niytual .
independent, and identical. For each transmitter, the radan .|
fadings for different antenna paths are assumed to be slow o6l "
block-fading with i.i.d. Rayleigh fading where the fadings oaf ____
stay constant during a timeslot and change independendy an 02} | .
simultaneously over timeslots. We denote hythe average o o5 : = >
received signal-to-noise ratio (SNR) at each receive aaten n
From a system perspective, at each SNR lgyghe PHY

layer for the MIMO-MAC channel provides a tradeoff betweeﬁfs'e_z'
the reliability of the transmissions and the transmissites.
Equivalently, we can say that the PHY layer provides a trﬁdegvhere -

T o ) mn(d) for any integersm and n is the largest
bet\_/veen a common diversity and the multiplexing gain multiplexing gain achieved for am x n point-to-point MIMO
region, denoted byR(d), whered and R(d)

! anc are as defined | for a given diversityd and is defined as a piecewise
in [1] and [2]. We state these definitions below. linear function joining the pointg(m — k)(n — k), k) for
Definition 2: (Definition 1 in [1]) A code schemgC'(p)}, . _ min(m, ).
which is a family of codes (coding over one single coherence, t7hi5 ;’Japer, v;/e consider a system which always operates
block) with one codebook for each SNR leyebnd provides at a common diversity gainl at any timet. This d directly
data rateli(p) and average error probabilit§(p), achieves yoiermines the multiplexing regioR(d) and its shape. In
multiplexing gainr anddiversity gaind if particular, d determines the sum of all the rates at all time
RB(p) _ . and 1im 08Fe(P) _ t,ie. X8 rl < 1 (d), which is independent of time.
However, the individual rate at timg ri,i = 1,..., K, is

1 @

p—oc logp

For notational simplicity we shorten (4) &p) = rlog p and determined dynamically by the rate scheduler discussed lat
In Fig. 2, we illustrate the dependence of the shapR @f)

P.(p) = p~¢. We also use<- and > if < and> hold in the
limit. 4 and d for a simple case of{ = 2 users andV/ = N = 2.
Definition 3: (Theorem 2 in [2]) Let! be the multiplexing As seen in this figure, there exists a diversity géin(in this
gain of useri, i = 1,...,K, at timet. Given a common example,dy = 2) such that, for largel (d > dy), the shape
diversity requirement! for all users, i.e., of R(d) follows a rectangular shapsifgle-user performance
. _ ) regime), while, for smalll (d < dy), R(d) is a polymatroid
P<SNR™, i=1,... K, ®) shape &ntenna-poolingegime). Furthe(rrr)mre, [2] shows that
where P! is the average error probability for userThen the dj, is the unique solution to
spatial multiplexing gaingr;, ..., rX) at any timeslot must
be within the (time-independent) multiplexing gain region

—d=0
- - -d=05|]

Example of the multiplexing gain regioR(d) for M = N = 2

()

T;(JW,N(dU) = Kr}kw,N(dO)-

R(d) = Later we will see the impact of this change of shape on the
working of the scheduler block.
{(rl,...,rK) : er < rigm,n(d), VS C {1,...,K}} .
ses C. Rate Scheduler

6 Given that each user operates at a fixed and common

“Note that we use the natural log instead@f, and hence use nats insteaddiverSity gaind and given an average SNR :Oﬁn the MIMO-
of bits. This is for convenience of the presentation. MAC subsystem, the function of schedulgr: RE — R(d)
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is to allocate, at the beginning of every timestotthe set  Since the system is stable, it reaches a steady state. We let

of feasible multiplexing gains to the users. This is doné}? and L’ denote the steady-state delay and queue length,

equivalently, by selecting a vector of spatial multiplexgmins respectively, for queue i =1,..., K.

(rf,...,r¥) from the multiplexing gain regioriR(d). The For the rest of the paper, we denotg (d) as the average

decision is based on the delay of the head-of-the-line bit multiplexing gain at the common diversity; defined as

queuei, denoted byW}, i = 1,..., K, at the beginning of _
{TMN(d) it d> do,

timeslot¢. Specifically, we assume that Tau(d) =
=i (d) if d < do.

(10)
(ri, ..., rf) = ga(Wr, ..., Wf).

Without loss of optimality, one can assume that the ra?end denote

scheduler always assigns the highest possible sum rate. At Cov(d) :=714p(d)Tlogp (bits per timeslot)  (11)

timeslot ¢, an amount ofri7 log p bits are taken out from

head-of-the-line of the buffer of usérWe assume that if any

buffers do not have enough data to transmit, the null data is
used to fulfill the rates. E. Objective

Remark 4:Recall that the shape of the multiplexing gain - o system objective is to find the optimal operating channel
R(d) depends oni (e.g. see Fig. 2). As a result, the choicgy e sity gaind* and the corresponding multiplexing gain re-
of diversity gaind dgtermmes the class of feaS|pIe dynam'@ion R(d*) in which the system should operate. This diversity
schedulers. In the single-user performance regine (do). 4+ minimizes the end-to-end total bit loss probability caused

the users are decoupled and independent from one anot%rtwo phenomenas: 1) delay violation of the delay bound
hence, reducing the scheduler to a static (and decouplefly 2) channel decoding errér.

as the average per-queue channel capacity at divetsity

choice of multiplexing gaim{ = 3, y(d) foralli =1,.... Ky nanicular, we define the following probabilities:
and all timet € Z. For the antenna-pooling regimé € dy),
on the other handR(d) is a polymatroid. In other words, in P!(d) := Pr[decoding error for usei
this regime, the multiplexing gains of the users are depende P.(d) := Pr[decoding error for any user (12)
on one another and must be jointly allocated. i o L )
Remark 5: The model in thiJs pa};)er assumes that there is Fy(d) = Pr[de[ay violation of user]
no CSl available at the transmitters and the central sceedul = Pr[W'> D]
However, the scheduler has perfect knowledge of the queue P,(d) := Pr[delay violation for any usér
state information (QSI). This is not unrealistic given tlaetf = Pr[ max W'> D] (13)
that it is less bandwidth consuming and more accurate to send i=1.. K

the QSI of each buffer (an observable scalar number) to thewith the above definitions, the total loss probabiliy;(d)
centralized scheduler than éstimateCSI for MIMO channels s expressed as
(K matrices, each of dimensial/ x N) at the receiver and _ ‘
feed back these matrices to the transmitters. Ba(d) = max Pribitloss for user]

Remark 6:Due to lack of CSI, the role of the rate scheduler T i ; i
in this paper is not to minimize the channel error perforneanc T {Pe(d) + (1= P(d)) Py(d) }
instead, the scheduler improves the delay violation pritbab i i i . .
ity by taking advantage of the statistical-multiplexingirga therepe_(g)ﬂtl_%(d))lqu(d)dls(‘jﬂ}e totgllbg IOSSVSrOb‘?IIF'II't{
provided by the multiple bursty sources sharing the mutip h usetrhz t;? do i a}gnz a;n _S ay (\j/'loaflg'lon'; ]S Vc\i” fer
access channel. show thatPi(d) = Fe(d) = p™ and Py(d) = Py(d) =
p~ 9@ whereg is a functional taking positive values. Hence,

D. Arrival Rate Scaling and Stability Condition the asymptotic large-SNR expressionf(d) is given as

Since the rates of transmission in the MIMO-MAC channel Pot(d) = Po(d) + Py(d) = p=¢ + p~9(D, (14)
are scaled asog p, we scale the arrival rates wittog p as
well. In other words, we assume that the average bit arri
rate A of each user is

valwe note that both probabilitieB. (d) and P,(d) are func-

tions of the diversity gaini as well as the average SNR

~ However, there is a tradeoff between the two probabilities a

A= AT'logp (8) a function ofd: Intuitively, for a fixedp, we expect that a high

bits per timeslot for a given constant positie dive_rsity gain, V\_/hich translates int(_) a smaller transmissate
Lggion, results in faster queue build-up and larger del@ys.

In addition, to guarantee system stability, we require th 2 . . R
the total average arrival rate to be no greater than the (sulfd§ other hand, this higher diversity gain yields bettemeie

capacity of the MIMO-MAC channel [4]. In particular, weP€rformance. _ _ ,
assume that In the remainder of the paper, we will derive analytically

. large SNR approximations fd?,(d) and P.(d) and show that
KX < min(KM, N)T log p,
SWe assume no retransmission for the lost bits due to channediteg

or equivalently errors or delay violation. Furthermore, the source processe not effected
A < min(M, N/K). (9) by the lost bits.
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given a fixed and higtp, P,(d) is increasing ond while whereo,(d) is defined such that
P.(d) is decreasing onl (confirming the above intuition).

; . . A(O’S(d)) = Us(d)cav(d). (18)
_Furtht_armo_re, we fl*nd the best F_’H_Y_Iayer operatmg point, Equivalently, we can write (17) as
i.e. diversity gaind*, so as to minimize the total bit loss
probability P in the high SNR regime. In other words, Pr[W?! > D] = p=o(@DPTrau(d) (19)
we will find d* that balances the exponents of the two

probabilities The proof of this Lemma is given in Appendix II.

Case 2: Antenna-pooling regime € d < dy)
In this case, the multiplexing gain regioR(d) is poly-

[1l. PROBLEM ANALYSIS matroid and the transmission rates of the users must be

In this section, we analytically derive the two loss probd®intly allocated by a scheduler. Since the optimal policy
bilities, P.(d) and P,(d), for asymptotically large SNR. As (with respect to thg delay V|olat'|on probability objecdivis
we will see, the two probabilities decay exponentially with!"Known, we growde the following lower bound and upper
SNR. For the channel, the definition of diversity gain [2]egv Pound toPr[W" > D]. .
a direct asymptotic approximation df.(d) for large SNR. _ %) EJpper Bound onPr[W* > DJ: An upper bound on
Obtaining the asymptoti€, (d), however, requires more Work.Pr[_W > D] |s.eaS|Iy found since any feas!ble schedull_ng
Depending on the value af, we either directly compute the policy can provide an upper bound. In particular, to arrive

asymptotic P, (d) or provide lower and upper bounds of theil the upper bound>*(d), we consider the same symmetric
static scheduler as described in Case 1: the symmetric stati

asymptoticP, (d). _ :
scheduler always assigns the symmetric rat€'nf(d) to each
_ user at all time. By Lemma 1, the asymptotic approximation
A. AsymptoticP,(d) of P“(d) for large D is given as
The asymptotic expression dt.(d) for large SNR comes P(d) = p= o+ (DDPTrau(d) (20)

directly from the definition of diversity gain given in Defini . ) .
tions 2 and 3. By the union bound and the symmetry amo§e note that this upper bound becomes tighteii ascreases

users, we have the following bounds: to dy sinceR(d) approaches & -dimensional hypercube.
2) Lower Bound orPr[W?! > DJ: The lower boundP!(d)
P!(d) < P.(d) < KP}(d) on Pr[W! > D] is obtained from Fact 2, the construction of

a fictitious system, and Fact 3, as follow.

Fact 2: Consider two systems whose multiplexing gain re-
gions are given byR; andR., respectively, wher&k,; C R,.
The delay violation probability associated with the second
P.(d) = p°. (15) System is no greater than that of the first system.

For a givend, consider a fictitious system whose multiplex-
ing gain region is given by

where P!(d) is the probability of decoding error for user 1.
Using P!(d) = p~% in Definition 2 and the fact thak’ is a
constant independent of we have

B. AsymptoticP,(d)

K

Similarly, by the union bound and the symmetry among Ry (d) := {(7‘1,...,7“K) : Z” < T?(M,N(d)}- (21)

users, we have the following bounds: i—1

(16) SinceR(d) C Ric(d), Fact 2 states that the delay violation
probability for this system is a lower bound fBe[W! > D).

wherePr[W?! > D] implicitly depends on. Stolyar and Ramanan [4] have shown that the largest-delay-

Now, let us first focus ofPr[W! > D]. To get an analytical first (LDF) policy achieves the minimum asymptotic delay
expression for the asymptotier[W* > D], we consider two Violation probability for this fictitious system.
cases depending on the valuedf Fact 3: (Theorem 2.2 in [4]) Consider a single-server queu-
Case 1: Single-user performance reginig € d < MN) ing model with K users (illustrated in Fig. 4(iii) folk = 2).

As discussed in Section II-C, the multiplexing gain regioffor the sources considered in this paper, the largest-delay
R(d) in this regime is a square and the scheduler assifjfst (LDF) policy achieves the minimum delay violation
decoupled rates to the queues. Hence, the optimal sched@i@bability Primax;—, . .x W' > D] when D is large.®
simply assigns a fixed transmission rate ©f,(d) given  Hence, we compute the minimum asymptotic delay viola-
in (11) to each user (i.e. we call this tlymmetric static tion probability for this fictitious system to arrive at a lew
schedule). Therefore, the asymptotic approximation (when bound, P'(d), for Pr[W! > D], as given in the following
is sufficiently large) of the delay violation probability given Lemma:

Pr[W! > D] < P,(d) < KPr[W' > D],

as follows. Lemma 2:For 0 < d < dy and sufficiently largeD, the
Lemma 1:Ford, < d < MN and sufficiently largeD, the asymptotic large-SNR approximation &f (d) is given by
gahsaytmptotlc large-SNR approximation Bt[WW' > D] is such Pl(d) = pKos(d)DTrau(d) (22)

6See more details of this fact in Fact 4. The result in [4] is
_ much more general than this. It works with any weighted delays,
- US(d)DTT‘“’(d) 17) Prlmax;—1,... .k W*"/a; > D], whereq; is the weight for use.

. logPr [Wl > D}
lim
p—o0 log p

veey
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and, in particular, whed, < d < M N,
Py(d) = pm e HPTran(d) (24)
and, when0 < d < dj,

p Ko DDTra(@) £ P (d) < p=o-(OPTranld)  (25)

In summary, so far, we have seen thaf(d) and P.(d)
exponentially decay wittp. The rate of decay ofP.(d) is
known. Whend > d,, the rate of decay of,(d) is known
via (24). The rate of decay d?,(d) whend < dy is, however,
unknown but is bounded as in (25).

Next, with P,(d) and P.(d) at hand, we proceed with the
minimization of the total bit loss probability.

1L > > H ﬁ
N \ / C. Minimizing Asymptotic Total Loss Probability
@ @ @ From the asymptotic expressions@f(d) given in (15) and
0]

(ii) (iii) P,(d) in (24) and (25), the asymptotic characterization of the
total loss probabilityPe(d) = P,(d) + P.(d) is immediate:
Fig. 4. Queuing models of the upper and lower boundsP@f’t > D] <d<
for the case ofK’ = 2 users and the antenna-pooling regimg,(  (d) < Fordo < d < MN,
2ryy v (d). a andb are defined such that+ b = 3,  (d) and 2a+ b=

7'§M,N(d)-

Fig. 3. The MIMO-MAC multiplexing gain regiofk (d) and the multiplexing
gain region of the fictitious systefRyc(d) for K = 3 users.

Pa(d) = p7 7DDl 4 p=e. (26)
For0 < d < dy,

The proof is given in Appendix Il. We also note th&t(d) p~KodDTrau(d) o h=d < p(d)
becomes a tighter bound ds— 0. <p—as(d)DTr,,,,,(d) 4o
Remark 7:Comparing the exponents in (20) and (22), we - )

see that the LDF scheduler improves the exponent of the delays; e the term, (d) DT'r,, (d) is decreasing inl while the
violation probability by K times of that of the symmetric ;o 4 is increasfng ond, the minimum of Pey(d) in (26)
static scheduler. Talking in the Iang.uage. of ch.annel diters o its bounds in (27) happen when the valuedofakes the
the LDF scheduler improves the diversity gain By folds  g,nqnents of the two terms are withifil) of each other (note

by taking advantage of statistical-multiplexing of the 8®s. -+ it the exponents were not in the same order, one term
However, we want to emphasize that the lower boun#if/) would dominate in the sum as— oc). We now introduce an

der?ved from the fictitious system with the multiplexing gai algorithm which guarantees such choicesiof
region Ric(d) becomes more loose as the number of userSAIgorithm 1:

K grows. This is expected because the actual multiplexing o .
gain regionR(d) in (6) is a polymatroid (see an example of 1) Solve ford which is a solution of
K = 3 users in Fig. 3) while that of the fictitious system

(27)

is just the K-dimensional simplex given by the constraint 0s(d)DT'rqy(d) = d. (28)
> i1 Ti < Tk n(d). Thus, the lower-bound becomes more . . § _
optimistic as the number of users increases. If d > do, thend” = dj, = di = d and stop. Otherwise,

setd; = d. Go to Step 2.

Remark 8:For an example of{ = 2 users, Fig. 4 summa- By )
2) Solve ford which is a solution of

rizes the two bounds with the queuing models in mind. The
upper boundP'(d) is the tail probability of system (i) which
always serves each queue with multiplexing gajyy » (d)/2.
The lower boundP!(d) is the tail probability of system (iii)
which assigns the single server of multiplexing gejn; y (d)
based on LDF scheduling. System (ii) is the queuing model Theorem 1:Algorithm 1 results in a closed interval;, d;]
given by the multiplexing gain regioR(d). in which the optimal common diversity gaifi lies.
The proof of this theorem is given in Appendix II.
Now, using the above two cases and the bounds in (16), weNotice that the optimal diversity* and its bounds depend

arrive at an asymptotic characterizationf(d) as follows on the statistical characteristics of the symmetric sairce

(A, i, A), the parameters of the MIMO-MAC channel (e.g.

P,(d) = Pr[W' > D], (23) T, M, N), and the delay bound.

Koy(d)DTrq,(d) = d (29)

and setd’, = min(d, dy).
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D. Statistical-Multiplexing and Optimal Diversity Gain

From the above analysis, we obtain the following critical
observation. Given a delay constraint, the statisticaperty
of the source has a significant impact on the level of diversit
a well-designed system can enjoy. In other words, the optima Smgle- User
scheduler which statistically multiplexes the MIMO resmes a 1
allows the combined bursty sources to perceive as smaller
aggregate traffic and hence a higher degree of diversity.
Rigorously, this performance improvement can be attrithute
to a statistical-multiplexing gairas follows:

Definition 4: An optimal dynamic scheduler with the total
bit loss probability P, providesstatistical-multiplexing gain ° A NN
of s over the static rate scheduler wifk/,, where

Antenna-Pooling,|
insignificant
stat. mux.

Antenna-Pooling,
significant stat. mux.

1 . 1 ¥ Fig. 5. The relation betweef\, D) to the system performance.
s := — lim M. (30)
p—00 log p
From this definition and the fact tha®, = p=—¢, the
following proposition is immediate.
Lemma 3:Consider the system model in Section Il. Th

optimal statistical-multiplexing gair* is given by

gain is not significant as the queues still behave in a roughly
independent manner. Similarly, asincreases to an overload
gituation or the delay bounB becomes very tight, the benefits
of juggling resources diminishes. In contrast, for medium
values of A and D and under the optimal dynamic scheduler,
s =d" —dj. (31) each queue perceives the whole (pooled) resource to itself,

L mpar L/K of the r r in f mmetri
Furthermore, it is bounded above by — d;. g?atisifr?egijl/er of the resource as in case of a symmetric

Remark 9:The two concepts of “statistical-multiplexing To illustrate the approach shown in this paper and the

gain” and “multi-user diversity gain” are related conceply corresponding calculation, we look at a simple example of
The former takes advantage of the troughs (due to bursjiness P g ' P P

of the traffic of different users while the latter takes adege :etc:?ig\npound Poisson source wifli = 2 users in the next
of the peaks (due to fadings) of the channels of differentause '

But their impacts on the design are sufficiently differert, a
multi-user diversity gain requires channel CSI at the tnsibs V. EXAMPLE: COMPOUND POISSONSOURCES ANDK = 2

ters while statistical-multiplexing requires QSI. In this section, we illustrate the proposed approach via an
example. We consider two independent but identical source
E. Resource Pooling and Statistical-Multiplexing processes. For each sourgearrivals are independent across

Here we discuss the effect of the arrival rateand the timeslots. The number of bits that arrive in a timesiptd:,
average delay bound to the performance region of theiS an aggregation of a randjem number of packets whose sizes
MIMO-MAC. The relationship betwee(), D) and the system are also random, i.el; = >, Y;,. Furthermore, we assume
performance is summarized in Fig. 5. The system performarifét the number of packets at each si§t, is an independent
is divided into three main regions: the single-user perfoR0isson random variable with rate packets per timesiot,
mance region, the antenna-pooling witignificantstatistical- While the length of the packets;, i = 1,2,..., are iid.
multiplexing region, and the antenna-pooling wiitkignificant random variables with exponential distribution of meig/.
statistical-multiplexing region. In the single-user perance The average bit arrival rate for each source is equal to/y.
region, the achieved optimal diversity gait is equivalent to and scales withog p as in (8), i.e.
the case when only one user is in the system, i.e. the case

d* > dy. Specifically, this case happens wheis sufficiently A=v/p=ATlogp. (32)
small andD is sufficiently large. We denote this region.ds. Proposition 1: For the compound Poisson source with ex-
do ponential packet length, the,(d) defined in Lemmas 1 is
Ay = {(/\7D)3/\§7“07D205(do)TT0} given as
wherery = T7W7N(d0)'7 Since in this region the transmission os(d) = p(1 — A (33)

—— ).
rate of each user is independent, there is no resource gharinTh. ition | di mA(d) dix 11
and hence no statistical-multiplexing gain. IS proposition IS proved in Appendix 1i.

On the other hand, the significance of statistical- Note that the ratio of the per-queue average bit arrival rate

. )\ .
multiplexing gain outsided; is impacted by the rate of arrivals V&' the average service raig.;, can be called the traffic
A as well as the average delay boufd In particular, for

load per queue. Itis importanatvto note that the delay viofati
(\, D) in the neighborhood aft,, the statistical-multiplexing exponent in (33) is a decreasing function of the averagegtack

sizel/u, for a fixed packet arrival rate. A larger packet size
"Note that -2 is an increasing function oh sinceo(do) which in effectively creates more burstiness in the arrivals,ceea

s(do)Tr . . . L.
is the delay violation exponent is itself decreasing on thial rate . higher delay violation probability.
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Fig. 6. Plots of the exponents &%, (d) and P, (d) for two different average 250 07

arrival rates A = 0.5 and 1) and for two different delay bound® = 20
and 150. Ford < dp = 7.3, the upper and lower bounds of the exponent of
P4(d) are shown. In addition, we draw a simple linear estimate (ddite) 150
of the exponent o, (d) between the two bounds.

0 200

100

With Proposition 1 in hand, we are now ready to use 50
Algorithm 1 to obtaind* (or its bounds). Fig. 6 shows the
optimal ¢* and its bounds whed/ = N = 4, the average
packet sizel/u is 100 nats, and the symbol rate such that (b) Contour Plotd;, — dy

there E.lrET = 2M + N —1 = 11 symhals per tlme3|0t'_ In Fig. 7. 3D and contour plots characterizing the statistoaltiplexing gain,
these figures, we plot the exponentsigfd) or its bounds, i.e. approximated byi; — dy, v.s. delay boundD and arrival ratex.
—04(d)DTr 4 (d) and —204(d)DT'r,,(d), and the exponent

of P.(d), i.e. —d. To better illustrate the procedure followedhe region shown in Fig. 5 for the compound Poisson case.
by Algorithm 1, we plot the exponents d¥,(d) and P.(d) We approximate the statistical-multiplexing gaih= d* — d;
separately. Note that wheh< d, (d, = 7.3 in this example), achieved with an optimal dynamic scheduler with that of a
we only have lower and upper bounds for the exponents $Mple linear approximatior; — d;, whered;, is the optimal
P,(d). In this case, in addition to the bounds, we plot a linegliversity gain derived from the dotted line in Fig. 6.
approximation (dotted line) to emphasize the tightnessef t

15

lower bound aroundl, and the upper bound arourid The V. SUMMARY AND FUTURE WORK
optimal diversity gaind* or its bounds {; andd;,) are shown In this paper, we considered a system of bursty and delay-
in each plot as the crossing of the exponents. sensitive symmetric sources concatenated with a symmet-

As we discussed in Section IlI-E, the statistical-multkptgg  ric MIMO-MAC channel. We assumed no CSI information
gain s* defined in (31) depends on the optimal choicedtf available to the transmitters and a block fading model with
which itself is a function of the arrival rate and the average a block coding whose block lengths are matched to the
delay boundD. Depending on\ and D, we may or may coherence time of the channel. Furthermore, we assumed a
not have statistical-multiplexing gain. For example, F8¢c) fixed and equal high transmission power at each transmitter,
shows that, in the case of sufficiently low arrival rates andi&. high SNR regime. We addressed the optimal choice of
large delay bound, the optimdlg; happens when the usershe spatial diversity gainl* such that it minimizes an end-
operate in the single-user performance region. Hence,isn tto-end loss performance where loss can occur due to delay
case, there is no statistical-multiplexing gain to be aekde violation as well as channel decoding error. We showed how
by dynamic scheduler. Here, the dominant form of loss occusia optimal choice of diversity gaii* depends on a queue-
on the channels. On the other hand, Fig. 6(b) correspondsotised scheduler module whose job is to statistically makip
the case of large arrival rate and small delay bound, whete resources of the MIMO-MAC. In doing so, we integrated
the loss probability due to delay violation dominates thiat ehe notion of statistical-multiplexing gain with those qfagial
the channel. In this case, the optimal diversitynecessitates diversity, multiplexing, and multi-access gains providgcthe
resource sharing in form of antenna pooling. As a result, th&iMO-MAC.
impact of n optimal dynamic scheduler, in a form of statstic ~ To strengthen the result presented in this paper, we will
multiplexing gain, becomes more significant. need to analyze the performance of the optimal dynamic

Fig. 7 illustrates the performance region discussed in Sescheduler, rather than working with bounds. As emphasized
tion llI-E. In particular, the figure gives a characteripatiof in the introduction to this paper, we view the result of
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this paper as a first step to fully integrate the notions of6] T. Holliday and A. Goldsmith, “Optimizing End-to-End Distion in
scheduling and statistical-multiplexing with other adpeof MIMO Systems”,IEEE ISIT'05 2005.

7] T. Holliday, A. Goldsmith, and H. V. Poor, “The Impact of @2si on

MIMO technology._ As such, strengthening the current result the Diversity Multiplexing ARQ Tradeof’JCC, 2006.
is not our most critical concern. Some future works that cafs] F. Kelly, “Notes on effective bandwidthsStochastic Networks: Theory
extend the utilization of the system resources in otheraispe __ and Applicationsvol. 4, 1996.

[9] A. Dembo and O. ZeitounilL.arge Deviation Techniques and Applica-

are as follows: tions Boston, MA: Jones and Bartlett, 1992.
. Time diversity: In the present work, we assume codin[@O] A. Dembo and T. Zajic, “Large deviations: from empirical ameand

(1]

(2]

(3]

. . measure to partial sum procesStochastic Processes and their Apps.
whose block length is matched to the coherence time of |, 57 1995_p process, PP

the channel. This is a rather limiting assumption, givep1] A. Ganesh, N. O'Connel, and D. WischiRig QueuesSpringer-Verlag,

the delay bound in the order of multiple coherence times_ Berlin, 2004.

. . . 12] J. Walrand and P. Varaiyaligh-Performance Communication Networks
we considered in this paper. We hope to extend obif 2nd ed., Morgan Kaufmann Publishers, 2000.

optimization of spatial diversity to the time-diversitg, & [13] H. El Gamal, G. Caire, and M. O. Damen, “The MIMO ARQ channel
form of coding over multiple coherence times (see [15]) diversity-multiplexing-delay tradeoff JEEE Trans. Info. Theoryv. 52,
or hybrid ARQ (see [13], [6], and [7]) Aug 2006.

y ) ! ’ T [14] S. Kittipiyakul and T. Javidi, “Optimal operating poiimt MIMO channel
Controlling SNR: In the current formulation, the average  for delay-sensitive and bursty traffidEEE ISIT’06 July 2006.

. . Multiplexing tradeoff,” WiOpt, 2007.
CSl at the transmitters and of delay constraltﬂ?s:é OO)' [16] A. Sendonaris, E. Erkip and B. Aazhang, “Increasinginiplcapacity

this fixed SNR assumption incurs no loss in optimality. ~ via user cooperation diversitylEEE ISIT'98, August 1998.
But for small and mediumD, it is natural to expect [17] K. Azarian and H. El Gamal, “Cooperation in outage-linditeultiple-

. . . . access channelsfEEE Inter. Zurich Seminar on Commun. (I1ZS06)
that an improvement in performance is possible when 5qqq

the transmit powers for users are functions of the queu] P. Elia, S. Kittipiyakul, and T. Javidi, “Cooperativéversity in wireless

states. networks with stochastic and bursty traffi¢EEE ISITO7 June 2007.
Dynamic control of PHY layer operating point: In this
paper, we assumed that the sole responsibility of the APPENDIX|

dynamic scheduler is to control the transmission rates ADDITIONAL ASSUMPTION ONSOURCEMODEL

or multiplexing gains while the diversity gain and the Here we give the additional assumption B on the source we
sum of the rates of all users are kept constant. It is clegénsider in this paper. Assumption B is required in the proof
that allowing for dynamic control of the diversity gain,of Lemma 2.

as proposed by [7], will only improve the statistical-assumption B:*Sample path LDP” (see [3], [9] and [10])
multiplexing gain and the performance of the system. Eqr an arrival sequences;, S, ...}, for all m € N, for
This can naturally be extended to time-diversity, angyery ¢, ¢, > 0, and for every scalan,...,am_1, there

is roughly related to a dynamic control of the tradeofxists A7 > 0 such that for alln > M and all ko, ..., kn,
among various forms of diversity gain. In this conteXiyith 1 = kg < k; < --- < k,,, = n,
our work can be viewed as providing a lower bound on _—
the performance of an optimally designed system. X

. . ) —neg — kiv1 — ki)A(a;
Cooperative multiple-access channel: Cooperation amor(%)g(p ez ;( i1~ ki)A"(a:)
users can substantially improve the reliability of com- p )

N o . <P iy — Sk, — (ka1 — ki)ag| < =1,....m—1
munication [16]. It is interesting to extend our study to~ = (IS0 Sk’i (ki1 — kias| Sney,i=1,...,m~1]
MAC with cooperation (see [17]). However, to do that we - .
require a similar tradeoff result as in [2]. Furthermore,~ P "2~ Zl(ki“ — hi) A (aq)
there is another parameter which is the size of the =
cooperative cluster that needs to be taken into account APPENDIX I
(see [18] for a simple case of single source with multiple PROOES OFL EMMAS AND PROPOSITION

relays).
ys) Proof of Lemma 1

Proof: Since the symmetric static scheduler always
REFERENCES assigns the service rate,, (d) to each queue, we have that

I__. Zher_lg and D. Tse, “Diversity-multiplexing: a fundamahtradeoff Pr[Wl > D} _ Pr[Ll > DC’av(d)]. (34)
in multiple-antenna channelslEEE Trans. Info. Theoryv. 49, no. 5,

May 2003. - )
D. Tse, P. Viswanath, and L. Zheng, “Diversity-multipies tradeoff in To be more specific, the statement holds because any bits

multiple-access channeldEEE Trans. Info. Theory. 50, no. 9, Sept delayed more thanD timesmts see at |easpcav(d) bits
2004. N - _ before them, and any bits delayed less tliatimeslots must
D. Bertsimas, |. C. Paschalidis, and J. N. Tsitsiklis, ysptotic buffer see less thaC,, (d) bits before them. This is valid because

overflow probabilities in multiclass multiplexers: an optimadntrol . . T .
approach,"lEEE Trans. Automatic Control. 43, no. 3, March 1998. of the first-come-first-serve discipline assumption. Hertloe

[4] A.L. Stolyar and K. Ramanan, “Largest weighted delay ficieduling:  two events{W1 > D} and {Ll > DC’m,(d)} are equivalent

Large deviations and optimalityAnn. Applied Probabilityv. 11, pp.  3nd have the same probability.
1-48, 2001.

. | . .
[5] T. Holliday and A. Goldsmith, “Joint source and channebliog for Now, sincePr[L" > DC,,(d)] is equal to the tail proba-

MIMO systems,"Proc. Allerton Conf. 2004. bility for a buffer which is served at fixed capacity 6f,,(d)
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and whose arrival process is describedMy) and satisfying with ax.1 = oo
LDP, one can calculate the tail probability for a single qgieu Since in this paper we consider symmetric users and LDF
system with a fixed service rateas (see [8], [11] and [12]) scheduling which is the LWDF discipline with equal weights,
the following corollary gives a specific expressionffwhich
Jim Elog Pr[L' > B] = —¢* will be used to show Lemma 2.

Corollary 1: Under the assumptions of symmetric users
where6* is the largest positive root of equatidh’”’ = c. By with equal weights, i.eA* = A*, A; = A, anda; = 1 for all
replacingB with DC,,,(d) andc with C,,(d) and using (11), i =1,..., K, J. in Fact 4 is reduced to
we have

J, =sup{6:A9) < H/K}. (39)
log Pr[L* > DC,,(d {
lim. o Pr| B @l _ —05(d)DT'r 4, (d) Proof: Under the assumption of equal weights (hg.=
g o &P . 1foralli=1,...,K), there are feasible values ¢fin (38)
whereo(d) is given as the solution to only whenj = K. Hence, the minimization in (36) is reduced
A(os(d)) = 04(d)Can (d)- 0 LK
. J,= min T” A () (40)
Proof of Lemma 2: _ | =
Before showing the proof of Lemma 2, we recall théubject to
following result on the asymptotic tail probability of the K
maximal weighted delay under the longest-weighted-delay- le >1,2;>0,i=1,....K (42)
first (LWDF) scheduling discipline from [4] and simplify the i=1
result to our specific assumptions of symmetric users witk LD, 4
scheduling discipline. 1 0 K LTi—1 . 42)
i . . . = < = == - S .
Fact 4. (Theorem 2.2 in [4]) Consider a single server of ax gl Zf; o

fixed service rate 1 and< mutually independent source
processes with stationary increments. The total number ldowever, we notice that condition (42) is satisfied with any

information bits generated by souré€i = 1,. .., K) is given choices of{xz;} satisfying condition (41). Hence, plugging the

by a sequenc{fﬁz,t =1,2,...} whereS! is the cumulative expression ofy into (40), we get

total number of work arrived until time from sourcei. We K

assume{Sti,t =1,2,. } satisfies LDP and sample path LDP Je = zlmiriK Z " ZA i) (43)
T i=1"Y1 i=1

(Assumptions A and B) with the convex decay functip

and the convex log moment generating functibn Assume subject to (41).
KE[S!] < 1 for stability. Let o; be the weight for usef We can simplify.J. further by using the convexity property
(assuming) < a; < ay < --- < ag). Consider the longest- of A*, i.e.

weighted-delay-first (LWDF) scheduling discipline, which a K K

ways assign the server to the longest waiting (i.e. head-of- L ZA*(”L’) > [\*(M) —. ]\*(K‘H' 1),
the-line)) customer of the sourcewhich has the maximal K i—1 K K

weighted delay. Then, the LWDF scheduling discipline maxi-

mizes the exponential decay rate of the stationary digtdbu WNere we leta be such thatia = YL@ —1> 0 by the

of the maximal delay, among all causal and Work-conservﬁgnd't'on in (41). The equality holds When = a+1/K for
scheduling disciplines. Furthermore, the probability igeg &1 ¢ = 1, K. Hence, we can rewrite (43) and its conditions

as concisely as
A * 1
. 1 y . A (a+ %)
lim sup — log Pr max W' >1| < —J, (35) Jy = min ——=~, (44)
n—oo N ’I’Lzel LK a>0 a
where andi’ is the stationary delay for uséyi =1..., K, To finish the proof, we expand* using its definition, as
and J, is given as: follows:
. 1.
J . *
. J. = —A 1/K
J« = min ! Z(l — a; )N (x;) (36) a0 a (a+1/K)
JiT1seT5 Y 1 A
=t = min — supf(a+1/K)— A(0)
subject to a>0 a geRr A
, K—-A
j — supmin 9+ /E=AO)
JE{L K}, >0, x> 1 (37) 9eR a>0
i=1 —o0, if /K < A(H),
= Ssu ~
and beb 10, if 0/K = A()

1 ST -1 1
— sl o 38 .
Qjt1 =7 Sy (38) = sup {9 tA(0) < H/K} ;
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where the third equality holds because the functibr- d is the lower boundi; (i.e. asymptotically maximizing the

WK%M)) is convex oz and concave ofl (sinceA is convex). RHS term in (27)) and the upper boud is obtained from
m Mmaximizing the LHS in (27). The existence @fsolving (29)

Proof: (Lemma 2) Consider a scaled version of théan be shown similarly. ]
system in Fact 4 where the service rate is scaled {evhich Proof of Proposfuo.n.:l . .
is equal tok C,,,,) and the arrivals are also scaled up®yWe Proof: The limiting log moment generating functiox(-)

can think of this scaling as a change of measurement unii@. compound Poisson source with exponential packet length
We denotelV! as the stationary delay of arrivals of user is derived in [14], which is

i =1,..., K, for this scaled single-server system with LDF 1 L
scheduling. Since scaling of the service and arrivals do not AO) = nlggo glOgE [exp(6S;)]
change the distribution of the delays, we have from Fact 4 1 n
= lim —logE A}
that 1 1 Jim -~ log [exp(eg )
liyrisolip glogP b senax, Wi>1| < —J,.. (45) = logE [expfAl]
vl i
Noticing that the log moment generating functidnof the _ u—0 if 6 < p, (48)
scaled system is given as 00 if 6> p.
A(6) = lim llogE[e"CSil] — A(9O), (46) From Lemma 1,0,(d) i; the solution_toA(o—s(d)) =
t—00 ¢ 0s(d)Cqy(d). From (48), this reduces to finding(d) such
we have, by using Corollary 1, that
A vos(d)
= s : < —_— s(d)Cuy(d
J. = sup if i\((;jc_) i/Z}K} g = o@Culd)
= su :
pv: AlO76) =0 i o MATIBD VT log p
= Csup {9 L A() < 00K = eocw} 1 — o4(d)
= Co, (47) where we have replaced and Cyy(d) from (32) and (11).
. : . ) Hence,
whereos > 0 is defined as the unique solution to o5(d) = p(1 = Arau(d)).
A(Js) :JsCav' |

The second equality in (47) follows by using (46); the third
equaility follows by lettingd = 0/C; and the last equality
by using that fact that\ is strictly convex andA’(0) =
ATlog p < C,y (the stability condition in (9) and the fact
that A’(0) is the average arrival rate per source [8]) and hent
the supremum is attained with= o,.

Replacingn with D and J, = Co, = KCyuos =
Ko Tralog p in (45), we have
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From symmetry, on the other hand, we have
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Proof of Theorem 1




