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Abstract—This work analyzes the high-SNR asymptotic er-
ror performance of outage-limited communications with fading,
where the number of bits that arrive at the transmitter during
any timeslot is random but the delivery of bits at the receiver
must adhere to a strict delay limitation. Specifically, bit errors
are caused by erroneous decoding at the receiver or violation of
the strict delay constraint. Under certain scaling of the statistics
of the bit-arrival process with SNR, this paper shows that the
optimal decay behavior of the asymptotic total probability of
bit error depends on how fast the burstiness of the source
scales down with SNR. If the source burstiness scales down too
slowly, the total probability of error is asymptotically dominated
by delay-violation events. On the other hand, if the source
burstiness scales down too quickly, the total probability of error
is asymptotically dominated by channel-error events. However,
at the proper scaling, where the burstiness scales linearly with
ﬁ? and at the optimal coding duration and .tran_smission
rate, the occurrences of channel errors and delay-violation ewrs
are asymptotically balanced. In this latter case, the optimal
exponent of the total probability of error reveals a tradeoff that
addresses the question of how much of the allowable time and rate
should be used for gaining reliability over the channel and how
much for accommodating the burstiness with delay constraints.

Index Terms—Batch service, delay effects, diversity, error
analysis, fading channels, large deviations, queuing analysis.

I. INTRODUCTION

This work analyzes the high signal-to-noise-ratio (SNR)

performance of outage-limited communications where the i

formation to be communicated is delay-limited and where the
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information arrives at the transmitter in a stochastic neann
We consider the following setting (Figuié 1) in our study:

o A random number of bits arrive at the transmitter during
any given timeslot. Bits accumulate in an infinite buffer
while waiting for their turn to be bunched into codewords
and transmitted under a first-come, first-transmit policy.
There is no feedback to the transmitter; retransmission of
the bits in error is not considered.

Communication over the fading channel is outage-limited
([1], [2]), where the transmitter is unaware of the instan-
taneous channel state and, as a consequence, operates at
a fixed transmission rateR. During a deep fade (also
known as an outage), the channel seen by the decoder
is too weak to allow recovery of the data content from
the transmitted signal. Characteristic settings are tlobse
MIMO and cooperative outage-limited communications.
Coding takes place in blocks where each codeword spans
over a fixed and finite integral numbér, of timeslots.
Each codeword has an information contentRf bits.

In addition, coding is “fully-diverse,” i.e., the decoding

at the receiver takes place only at the end of the coding
block.

The delay bound,D, is a maximum allowable time
duration from the moment a bit arrives at the transmitter
until the moment it is decoded at the receiver. The delay
experienced by a bit is the sum of the time spent waiting
in the buffer and the time spent in the block decoding
process. Note that the waiting time in the buffer is random
due to the stochastic arrival process.

A bit is declared in error either when it is decoded
incorrectly at the decoder, or when it violates the delay
bound.

n

For the above setting, we are interested in the high-SNR
asymptotic total probability of bit error. Note that for avgn
transmission rateR, and a coding block duratiory, there
exists a tradeoff between the probabilities of decodingrerr
versus the delay violation. We expect that longer codinghso
allow the encoded bits to be transmitted over more fading
realizations and hence, achieve higher diversity and fewer
decoding errors. However, longer coding blocks cause more
bits to violate the delay requirement. In other words, one
intuitively expects that there is an optimal choice of thedix
transmission rateRz, and the fixed coding block duratioff;,
for which the total probability of bit error is minimized. €h
goal of this paper is to identify these optimal quantities.
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Fig. 1. System model
A. Prior Work and Our Contribution error, it covers the scenarios in which CSI is not available

High demands on the quality of service (QoS), in terms &? the transmitter (no CSIT) and there is no retransmission.
both packet losses and packet delays, have fueled substai Such a setting, the variation of the fading channel is
research interest in jointly considering channels and esieucombatted via a coding over multiple independent fading
Communication of delay-sensitive bits over wireless cledgin realizationd] While this approach improves the transmission
has been addressed under various assumptions and settinggli@bility, its longer coding duration increases the ¢od-
works such as [3]-[8]. Often, asymptotic approximations afnd delay any bit faces, and can potentially increase the
employed to enable tractable analysis of the problem. BeldWobability of delay violation. In other words, in the absen
we detail the existing work with their corresponding sein of CSIT and retransmission, the transmission reliabiléy,
and the relationships to this paper. well as the delay violation probability, are functions okth

The first group we discuss, [3]-[6], consists of scenari¢$ding rate and duration. Consequently, our work complisien
where the current channel state information (CSI) is assuni@is previous research as it considers the effect of a delay
to be known at both the transmitter and receiver. For examptéolation requirement, in the absence of CSI at the trartemit
in [3] and [4], Berry and Gallager address the tradeoff betwe and retransmission, on the operation of the physical layer.
the minimum average power consumption and the avera\ﬁ(@ consider a fixed transmission rate and code duration, as
delay (the power-delay tradeoff) over a Markovian fadingPPosed to dynamic policies.
channel with CSI both at the transmitter and the receiver.Since it is difficult to derive the exact relationship betwee
In such a setting, the transmitter dynamically varies pow#te system parameters and the probabilities of channel de-
(i.e., the rate) in response to the current queue length a#Rfling error and the delay violation, we choose to study
channel state. In [5], Rajan et al. derive optimal delayrutmd an asymptotic approximation when the signal-to-noiseorati
schedulers for transmission of constant-rate traffic overefi (SNR) is asymptotically high. The first advantage of this
state fading channels. In [6], Negi and Goel apply the effect choice is the availability of an asymptotic high-SNR anal-
capacity [9] and error exponent techniques to find the cod¢sis for the channel decoding error probability. This high-
rate allocation that maximizes the decay rate of the asytisptoSNR analysis is known as thgiversity-multiplexing-tradeoff
probability of error for a given asymptotically-large dgla (DMT) analysis [1] and has received a great deal of attention
requirement. Similar to [3] and [4], the proposed dynamiéuring the past few years. Another advantage of the high-SNR
code-rate allocation in [6] is in response to the currennoled analysis is that, for the class of arrival processes we densn
fading and is possible by assuming CSI knowledge at tHais paper, we can derive an asymptotic approximation of the
transmitter. delay violation probability that is valid even when the dela

A second group of work (e.g., [7], [8]) focuses on scenaridgquirementD is finite and small. This derivation (Lemrha 2)
where CSI is unknown to the transmitter but there is i§ based on a large-deviations result known as tietr@r-
mechanism for retransmission of codewords when the chanhkdis theorem (see e.g., [10]) and extends the large deviati
is in outage. As a tradeoff to protection against channelgeyt €xponent for a queue with asymptotic number of flows (as
this retransmission incurs extra delays to the bits in tHeebu provided in [11]-{14]) to a queue with batch service disicigl
In [7], for example, Bettesh and Shamai (Shitz) address tkdven that the asymptotic expression of the total probgbili
problem of minimizing the average delay, under average pow bit error is valid without requiring asymptotically lagD,
constraints and fixed transmission rate. They provide asynipis then meaningful to ask about the optimal coding block
totic analysis, under heavy load condition and asympttyicaduration, a question which is not answered in studies with
large queue length, for the optimal adaptive policies thaist asymptoticD (e.g., [3], [4], [6], [15]-[17]).
the transmission rate and/or transmission power in regpons We also would like to point out that our work was motivated
to the current queue length at the transmitter. In anothey the work of Holliday and Goldsmith [18] where, under
example, Liu et al. in [8] study the problem of optimal (fixedp high-SNR asymptotic approximation, the optimal opeatin
transmission rate to maximize the decay rate of the praibabilchannel transmission rate for a concatenated source/ehann
of buffer overflow for on-off channels and Markov-modulated
arrivals. The channel is considered “off” when outage oscur, 1_Forlexamp_|e, the multiple independfent f_ading realizatiomshma_ resqlt of

Although our work uses a similar performance measure fpdlfng_ln multiple channel coherence time intervals (knowtirae diversity),

ading in multiple independent spatial channels, as in KIMhannel
[6], namely the decay rate of the asymptotic probability gEpatial diversity), or cooperative relay channel (coagiee diversity).



system is studied. Following the approach in [18], we studynd give a simple example of such source processes. Sec-
a concatenated queue/channel system under a high-SNR tagn[IlIprovides the asymptotic probability of delay vititan.
proximation. The main result of the paper is found in Theoréin 1 of
Section[IV. This theorem provides the optimal asymptotic
decay rate of the total error probability as well as the optim
coding duration and transmission rate. Secfidn V gives some

This work focuses on the notion of SNR error exponent %?(.amples to illustrate the utility of Theordrh 1. These exiasip

a measure of performance. Specifically, we are |nterestedcl(glnsider the question of optimally communicating delay-sen

finding how the asymptotic total probability of error decay§ige packet stream with a compound Poisson traffic profile
with SNR. To keep the problem meaningful, we consider &\ the following outage-limited channels: SISO Rayleigh
scenario under which the overall traffic loading of the S'ystefast-fading channel, quasi-static cooperative relay obhrand

(the ratio between the mean arrival rate and the ergoqif,g; static MIMO channel. SectidmVI concludes the paper.
capacity of the channel) is kept independent of SNR. That | ppendices include the proofs of lemmas and theorems.
we consider a case where the arrival rate scales wifiSNR.

Note that this scaling of arrival process is necessary turensD_ Notations

a fixed loading and hence a comparable cross-layer interacti _ i
as SNR scales. We use the following symbols and notations. We uyse

From the DMT result, we already know that, if the channdP denote SNR. The notatio for a strictly increasing and
operates below the channel ergodic capacity, the asympt&psﬂwe-valued functiory represents the equivalence bet\g/veen
probability of channel decoding error decays with SNR. The(p) £ z(p) and lim % = lim %. We define>
best one can hope for is that the asymptotic total probgiifit g o e _ o
error decays exponentially with SNR. For that, the asyniptoNd < in @ similar manner. Note that whenis an identity
probability of delay violation needs to decay with sNRfunction, then= is equivalent to the familiaf notation in the
Specifically, we consider a class of ifldarrival processes DMT analysis [1]. o _
with light tail (i.e., the processes have all moments finite) We denote the high-SNR approximation of the ergodic ca-
whose burstiness (defined as the ratio of the standard ieviafacity of AWVGN channel byV := 10%/) and useN andlog p
over the mean of the number of bits arrived at a timesidf)terchangeably. The sefs N, andZ™ represent the set of all,
monotonically goes to zero as SNR goes to infinity. We shod@sitive, and non-negative integers, re]:s)pectlvely. Initéofd
that for all such processes (called smoothly-scaling mees), the setT represents the seftl,2,....|2]}. Flooring and
the total probability of error decays. ceiling functions are denoted Hy| and[-], respectively. For

The main result of the paper shows that the optimal dec@}} @ < b, [z]; = max(a, min(b, z)) and [z]* = max(z,0).
behavior of the asymptotic total probability of bit error-deWe write g(z) = ©(h(x)) to denote that }2)9 function
pends on how fast the burstiness of the source scales ddyales linearly with the function, i.e., lim 775 < oo and
\(/vith SNRk| I)f thr? source bur?tir;1ess scales dO\(IjVI’l too Zlolwlﬁm Z(%) < oo. Finally, for any functionf, we denote its
too quickly), the majority of the errors are due to delaf ) "L i otere by f(y) 0z — £(0
violation (channel error), i.e., the total probability afrer is jugatef*, by f*(z) = supser 0z — £(0).
asymptotically dominated by delay-violation (channeber Il. SYSTEM MODEL

events. However, at the proper scaling where the burstinesi\ di 4 in the introduct i ;
scales linearly with— and with the optimal coding s discussed n the introduction, we consider a system

1
. i i . .
duration and transm|sosg|on rate, the occurrences of chanﬁ%‘nposed of a bursty and delay-limited information source,

errors and delay-violation errors are asymptotically bedal. Cﬁnsvit?:alfied r\gltlh 3\? |nf|n|tr?] bl:;:fer and aff‘l”lld\';g CE?rlnel,mas
Equivalently, one can interpret our result, the optimalico sho gu - \Ve assume the queue Tollows a lirst-come

of block coding duration and transmission rate, as that IwhigrSt'SerVe (FCFS) discipline. The departures out of theique

balances the channel atypicality (deep fading or outagetsyve ;)hc:ugrrgc;gr?én?h;o aeblgc]!; IICo han:ﬂtgfhdéggcsﬁlzn;f’ | ]:leee
and the arrival atypicality (large bursts of arrivals). v queu W ! :

We apply this result to several examples of outage-limitetfﬁnsmlssmn rate is above the instantaneous capacityeof th

communication systems to find the optimal setting of thceI a;]nr;eil, ar:roilqjtagelevgnt 'Sd sguthr(]) OSCLI” thereirthrtra] rr?tc e'VEd
operating parameters. signal is erroneously decoded. The delay requirement asks

that each bit of information be decoded at the destination

_ within a maximum allowable delayf D timeslots from

C. Outline of the Paper the time it arrives at the buffer. Otherwise, the bit will be
The precise models for the coding/channel process a@lsolete, discarded, and counted as errondae. assume

the blt_arrlval/queue process are described in SeéfioiVd. SNote that due to the constant service rate of the queue an&@iS

precisely define the scaling of the source process with SNBvice discipline, any bits arriving at the queue know imragly whether

they will exceed their delay constraints, using the knogkedf the current

2Note that, since the adopted channel model is not assumed to.cbe i queue length. It seems wise to drop these bits immediately thiéér arrivals

assuming an i.i.d. arrival process, intuitively, is not ammsential: think of to improve the system performance. However, we do not need risider

our chosen time slot as an upperbound for the “coherence tifmdfecarrival  such method because it has been established (see [14, Thed@nthat, in

process. The i.i.d. source assumption mostly serves to sinthlf exposition the asymptotic regime of interest, such method does not imphevexponent
and presentation of results, and does not fundamentally theitsetting. of the delay violation probability.

B. Overview of the Results



no retransmission of unsuccessful transmissions or thitsse MVe assume that it is only at the end of tietimeslots that
which violate the delay bound. In the next three subsectioral the RT bits are decoded by the decoder.
we describe in detail the models for the channel, the arrivalExamplel (Rayleigh Fast-Fading SISO Channel):

process, and the system performance measure. Consider the single-input single-output (SISO) time-siile
channel with Rayleigh fading coefficients (correlated or
A. Channel and Coding Model uncorrelated) and with additive white Gaussian noise at the
) ) receiver. The corresponding channel model dVetimeslots
We consider a general fading-channel model, is i
given by

wherez is the transmitted vecto# is the channel matrixy Wherey, r,z, andw areT" x 1 vectors andif = diag(h) is
is the received signal, and is the noise vector. The averaged I’ x T diagonal fading matrix with the fading at thith

SNR is defined as [1] timeslot, h,, as its (¢,t) element. The optimal DMT, given
5 optimal signaling, takes the form
pi= e ] log Pr(I(z; y|h) < 27T)
= ) 0 z;ylh
Ef[|wl|?] dn(r, T) = — lim —2 5 Y
and in the asymptotic scale of interest, it is equivalent to e Tng
- log Pr(J T,y (1 + plf*) < ')
p = E(lzl’]. R i |
p—00 ogp

Coding takes place ovéf timeslots, using raté?, lengthd’

codes that meet the DMT tradeaifn(r, T') [1], defined as  For the fast-fading case where the coherence time is equal to

log Pan(r, T, p) one timeslot and the elements fofare Rayleigh i.i.d. random
) (1) variables, the tradeoff takes the form

where Pey(r, T, p) is the codeword error probability induced den(r, T) = T(1 —7), @)

by the channel, given an optimal code wiultiplexing gain and it can be met entirely in T timeslots (see [1]). This SISO
r, coding block sizel" timeslotdl, and average SNR. The channel allows for,., = 1.

channel multiplexing gamT is related to the transmission rate Other examp'es which will be discussed later in Secm)n V

den(r, T) »= — plijgo T logp

R as (refer to [1]) are quasi-static MIMO and cooperative-relay channelshis t
) R paper, for simplicity we assume thdgn(r, T') is continuous

r:= lim . (2) d ; di ; q

o0 Tog p on r, decreasing om, and increasing off’.

That is, the transmission ratR is assumed to scale linearly ) ) .

asrlog p. We denote byrmax the maximum value of, i.e., B- Smoothly-Scaling Bit-Arrival Process

0 <7 < rmax Thisrmax relates to the ergodic capacity as In this subsection, we describe the SNR-scaling of a family

of arrival processes of interest. The specific choice of SNR-

scaling for the statistics of the bit-arrival process ishstltat

log p the average traffic load of the system (defined as the ratio

and is the smallest such thatdn(r,T") = 0. of the average arrival rate over the ergodic capacity) i kep
The DMT tradeoffs have been extensively studied faronstant, independent of SNIRThis means that scaling in the

various finite-duration communication schemes (for exanplergodic capacityrmaxlog p (= rmaxlV) is matched by scaling

see [19], [21]-[24] for MIMO point-to-point communica-the average bit-arrival rate adog p (=AN) as well, for some

tions, [25] for multiple access communications, [26], [2F] X > 0. Now we are ready to introduce the arrival process of

cooperative communications, and [20], [28] for coopertivinterest: The sequence of asymptoticalipoothly-scalindit-

communications with small delay). arrival processes, in which the process becomes “smoother”
Remark 1:The condition that each bit be transmitted ovefor increasing/NV.

all timeslots in the coding bloBk together with the first-  Definition 1: Let G denote a class of functions which

come first-transmit service discipline, makes it so thatyevecontains any functio : R* — RT (called scaling functioi

T timeslots, theRT oldest bits are instantaneously remd¥edwhich is continuous and strictly increasing and whose tail

from the queue and are transmitted over the riétimeslots. behavior is such that

max,, I(z;y)
T‘max - Hi

4 . . . . .oglx)
For most settings, there exist codes that meet the entire Ditleaff in lim = 0. 4)
minimum delay, independent of channel dimensionality andnfaditatistics z—o0 log
[19]-[21].
5Currently, all known minimum-delay DMT optimal codes over anfifey “It can be seen that unless the traffic load (average bit arava over the
channel with non-zero coefficients ask that each bit be mnitted over each channel rate) scales dsg(SNR), i.e., lim, . 1112([)21‘,] = ¢ for some fixed

timeslot. 0 < £ < oo, the problem is void of cross-layer interactions. Otheewifs

6If an insufficient number of bits exists in the buffer, null iare used ¢ = 0, corresponds to the case where too few bits arrive and Biéégcthere
and the rate is maintained. It is easy to show that, in the a®tiocale of is no queuing delay. On the other hand, when the traffic loalescmuch
interest, the use of null-bits does not incur any change énSNR exponent faster thanlog(SNR), i.e., £ = co, the overall performance is dominated by
of the probability of error. queueing delay, independently of the channel charadtevist



Definition 2: (g-smoothly-scaling sour¢eConsider a scal-

2) Asymptotic Characteristic of Smoothly-Scaling Pro-

ing function g € G and a family of bit-arrival processescesses:Intuitively, the g-smoothly-scaling arrival processes

(AN N € N), where A()
i.i.d. sequence of the random numbergv) of bits that arrive
at time ¢ with E[AﬁN)] = AN, for all ¢. The family of bit-
arrival processes is said to pesmoothly-scalingf the limiting
g-scaled logarithmic moment generating functiaiefined for
eachf € R as
log Elexp(“ A1) -
g(N) ’
exists as an extended real humbeiRh := R U {co} and is
finite in a neighborhood of the origirssentially smoottand
lower-semicontinuo

Remark 2:1t is straight forward to show that is convex
andA’(0) = X (see [14, Lemma 1.11]).

A(9)

= lim
N—oo

Note that\ describes how close the average bit-arrival ra

= (AgN),t € Z) denotes an become smoother as SNR increases. This intuition follows

from (@), which implies that fo¥ € R such thatA(d) < oo
ande > 0, there existsV, such that forV > N,

exp (g(N)A(B) — g(N)e) < E {eXP (Gg(N)AgN)H

N
< exp (9(N)A(B) + g(N)e) .

Then, if we letYyy be a sum ofy(N) i.i.d. random variables
(i.e., Yg(N) =X1+--+ Xg(N) with E[eeXl] = eA(G)), we
have E[e?Yon)] = AO9(N) Therefore, at sufficiently large
N, 28 4™ and Y,y have the same moment generating
function and hence the same distribution. If we define the
burstiness of the random variabhﬁN) as the (dimensionless)
{@tio of its standard deviation over its ménhen, using

. . . AN .
is to the asymptotic approximation of the ergodic capacfty ¢he above intuition, the burstmes% for large N is

the channel. For stability purpose and to ensure the existen

of a stationary distribution, we require that< rmax. Also,

note that we abuse the notation and denote the arrival octs
by AgN), despite its possible dependency on the scalir&bp

function g.

g(N
Std( g(JY\]) E;'Ll ' Xi

approximately equal to—**>=="—" which is reduced

Lﬁ;\;). Hence, the burstiness oigN) decays to zero
g9

roximately asﬁ. In other words, thgj-smoothly-
g(log p

1) Motivation for Smoothly-Scaling Assumptiofihe as- scaling arrival processes become smoother as SNR increases

sumption ofg-smoothly-scaling arrival processes allows us to 3) Examples of Smoothly-Scaling Processeéme of the
find the decay rate of the tail probability of the sequence §Pmmon arrival processes used for traffic modeling is a

process(S,ﬁN),N € N), which is a sum process defined as
t
N N
SN =3"AM e
j=1

since(A§.N),j €Z) are i.i.d.,St(N) is also ag-smoothly scal-

ing process with the limiting-scaled log moment generating

function Ag, given as

log Efexp(“g™5™))]
9(N)

Now, given that the sequenc(é*t(N),N € N) is g-smoothly-

= lim

— 00

As, (6) —tA(D).  (6)

compound_Bisson process withx@onential packet size, de-
noted as CPE. For this source, the random number of bits,
AiN), arrived at timeslot, is i.i.d. across time and is in the

form of
MM

AN =3 v, ®)
=1

where Mt(N) is the random variable corresponding to the
number of packets that have arrived at tie timeslot, and
whereYiftN) corresponds to the random number of bits in the

it" packet. Mt(N) are independently drawn from a Poisson

. . . istributi i - (N) - _ (N)
scaling, we can use thes@ner-Ellis theorem (see e.g., [10Jdistribution with meanv(N); and Y; 7, @ = 1,..., My,
and [14]) to give the following result on the decay rate of'® mdepen?ently drawn from an exponential dlstrlbut_|on
the tail probability of the sequence. The following propiosi With mean 55 (nats per packet). Note that the assumption

provides an important basis for the analysis of the asynptothat E[AiN )] = AN forces that

probability of delay violation in Sectiop Il

Proposition 1. (Gartner-Ellis theorem for g-smoothly-
scaling processionsiderg € G and a family ofg-smoothly-
scaling processe6AN), N e N) with the limiting g-scaled
log moment generation function. Let St(N) = 22:1 AEN),
for t € N. Then, fora > \t, we have

1 )
I log P | 2t — —tA* 7
Nm oyl P T > e (a/t),  (7)

where A* is the convex conjugate of.
Proof: See AppendiX_A.

8 [14] A function f : R — R* is essentially smootif the interior of its
effective domainD = {z : f(z) < co} is non-empty, if it is differentiable
in the interior of D and if f is steep, which means that for any sequefige
which converges to a boundary point B, thenlimy,—oc | f'(65)] = +o0.
f is lower-semicontinuousf its level sets{z : f(z) < a} are closed for
a R

v(N) _ e
N = AN. In addition,

a larger average packet sizg(lm implies a more bursty
arrival proces@ It is known (see [16]) that the log moment
generating function of this CPE random variablé’v) is

0v(N) g (N
logE[eeAiN)] _ Jumn=o» ( _)» )
0, otherwise.

The following examples illustrate that, depending on the
scaling of the average packet arrival rate and the average

9Note that the burstiness definition here is basically thenatized variation
of the random variable around its typical value (its mean). Aarfamiliar
definition of traffic burstiness would involve how the trafize correlated
with time, i.e., a bursty source tends to have large burstsriviads in a short
period of time. However, since we only consider the sourceckwlis i.i.d.
over time, we use this definition of burstiness.

101t can be easily shown that the burstiness of this CPE proesssefined

in Section(1-B2, iS\/#(N)'



packet size, some CPE processes may or may noy-be Ill. ASYMPTOTIC ANALYSIS OF PROBABILITY OF DELAY
smoothly-scaling. VIOLATION

Example2 (g-smoothly-scaling CPE processfor g € G
and . > 0, consider a CPE procesﬁisEN) with packet arrival
rate uA\g(N) and average packet size{. This family of
processes ig-smoothly-scaling because, usiig (9), we hav

In this section, we derive the asymptotic probability ofajel
violation Pyelay(r,T") for the channel multiplexing rate and
coding block sizel". We observe that the adopted block coding
%orces the queue to havebmtch servicethat occurs everyl’
log E[e%f‘im] {M@ 0 < p, timeslots with the instantaneous removal of the oldest”

A9) := ngnoo 9 = C’;G? otherwise bits. The decay rate of the asymptotic tail probability of th

(10) sum arrival process, given in Proposit[dn 1, in conjunctidgtin

which satisfies the conditions in the definition @bmoothly- &0 asymptotic analysis of a queue with deterministic batch

scaling. Since we will use this particulgesmoothly-scaling S€rvice. give.s the following result: _

CPE process for examples in the paper, we denote it as€mMma 2:Giveng € G, T' € T, 7 > A, a batch service of
CPE, 11, g, N). It is useful to note a particular case whed VT everyT' t|me_slots, and auy-sfmp_othly-scallng bit-arrival
g(N) grows linearly withN. Using a property of the PoissonProcess characterized by the limitingscaled log moment

process [29], this particular scaling case can be viewed @&heration function\, the decay rate ofteia(, ') is given
aggregating an increasing number of Poisson traffic streaR¥sthe functionZ, i.e.,

(this number grows linearly witv), with each stream having . 1
the same packet length distribution. Am g(N) log Paeay(r, T) = —1(r, T), 12)

To complete our discussion on smoothly-scaling processes,
below we give an example of a family of CPE arrival process
which is notg-smoothly-scaling. I(r,T)

Example3: A family of CPE processes wherAEN) has ’ Dil_oT
packet arrival rate:A and average packet sizé/;. (note the = min (tT+T—-1-Fk)A" (T + (+_)7«)
dependence oV only in the average packet size) is npt tT+tT€_Zl+_¢k>0 tr+T-1-k
smoothly-scaling for any; € G. This is because, usin@](9), (13)
we have

09(N) 4(N) for k¥ = D(modT). In addition, I(r,T) is lower-
lim log Ble ~ % ] _ )]0, <0, semicontinuous and increasing en
N—oo g(N) oo otherwise, Proof: See AppendifB. n
which is not finite in the (open) neighborhoodéot= 0. Hence, ~ APProximation 1:Relaxing the integer constraint i {13)
this family of processes is ngtsmoothly-scaling. gives the lower bound of as

Remark 3:The scaling functiong, describes the way the )
source statistics scale wgilth SNR. nganﬂle 2 describesyttte ca I(r,T) 2 6rr(D +1=2T) =: Lip(r, T), (14)
of the compound Poisson process, whgrean be identified where
as the function that specifies how the average packet arrival 5, = sup{0 > 0: A(0) < Or}. (15)
rate (\g(log SNR)) and the average packet sizg%) _ o
scale with SNR. We use this lower bound as an approximation/tas well,

ie.,
C. Performance Measure and System Objective I(r,T) = Ijy(r,T) = §,r(D+1—2T). (16)

The overall performance measure is the total probability Proof: See AppendiLB. -

of bit loss, Pt(r,T), where loss can occur due to channel

decoding error or the end-to-end delay violation. Spedifica Example4: For ag-smoothly-scaling CPE ., g, N) bit

arrival process, the functiohin (I3) can be calculated exactly
Pot(r,T) := Pen(r, T) + (1 — Pen(r, T)) Pyetay(r, T), (11)  with the following A*:

where Pen(r, T') denotes the probability of decoding error due y 2

to channel outage anByeay(r, T') denotes the probability of A(z) = p (\F_ \6‘) , TER. a7
delay violation. We are interested in finding the high'SN'Blowever, an approximation of in (I8) is simpler to work
asymptotic approximation of(r,7) as a function ofr, \,uh and given as

T, SNR, D, as well as the source and channel statistics

(including A and the source scaling functi@p). In the interest I(r,T) = I;(r,T) = p(r — \)(D+1-2T), (18)
of brevity, we denoteP; as a function of onlyr and T, ) o

the two parameters over which the performance will later B¥ere, using[(I5) and_(1.0j, is given as

optimized. A
Since the high-SNR asymptotic expressionif(r, T) is or = (1 - r) : (19)
already given by the DMT in{1), what remains is to find the _ _ _ _

asymptotic expression faPgeiay(r, '), which is shown in the We will see via numerical examples in Sectlon VIA1 that the
next section. approximation in[(IB) is sufficient for our purpose.



IV. MAIN RESULT: OPTIMAL ASYMPTOTIC TOTAL
PROBABILITY OF ERROR

In this section, we present the main result of the paper which
states the optimal decay rate of the high-SNR asymptotid tot

probability of bit error. Recall the definition df from (11):
Pot(r,T) := Pen(r, T) + (1 — Pen(r, T)) Pelay(r, T')
where we now know that
Pen(r, T) = p~ D)

and
Pde|ay(r, T) 9 —1(r,T)g(logp)

Hence, the asymptotic optimal decay behaviogf depends

on the functiory. The following theorem gives the main resul

of the paper.
Theorem 1:Considerg € G and ag-smoothly-scaling bit-

rate in Pen(r, T) and Pyeray(r, T'). Hence, for Case 1, the optimal
asymptotic total probability of error decays as follows:

*

BOI(T*aT*) = Pdelay(r*aT*) = Pch(r*aT*) = P_d .

Note thatd* is nothing but the optimategative SNR exponent

In Case 2, where the source burstiness scales down slower
than ©(—=—) but faster than®(———), we have that

3 og log p
Pot(r,T) is asymptotically equal t@Pyelay(r, T') for all r €
(A, rmax) @andT" € T. In this case, the decay rate Bf:(r,T")
is equal tol(r,T'). In other words, the channel error (outage)
probability is dominated by the delay violation probalyiéind,
hence, can be ignored.

Finally, in Case 3, when the source burstiness scales down
faster tharB(—=—), we have the opposite of Case 2. In Case

%, the delay violation probability is dominated by the chelnn

error probability and, hence, can be ignored.

arrival process. The optimal rate of decay of the asymptotic

probability of total bit error, maximized over alle (A, rmax)

and7 € T, and the optimizing* andT™ are given, depending

on the tail behavior of the functiog, as follows:
Case 1If lim L]ffv) =~ € (0,00), then
N—oo

—log P, T
d* = sup lim 08 ot 1) tor(r, 7)

7€ (X, Tmax) P00 Ing
TET
= dCh(T*a T*) = ’}/I(’/‘*, T*)a (20)
where
r*(T) = inf{r € (A rmax) : YI(r,T) = den(r, T) }21)
T = argmax I(r*(T),T) (22)
rto= rT). (23)
Case 21If A}gnoo w =0 and ]\}E»noo fi(g—NJ\), = oo, then
—log P, T
sup lim M <max I(rmaxT). (24)
€A, Tmax) s P00 g(lng) TeT
TEeT
Case 3If lim Lly) = oo, then
N—oco
—log P, T D
sup  lim 18 L™ T) ()\7 {D . (25)
7'E(Avrmax)a p=00 ng 2
TET
Proof: See AppendiXC. [ |

A. Approximation of the Optimal Negative SNR Exponent

For Case 1 in Theoreild 1, we use the following approxi-
mation which is an immediate result of relaxing the integer-
constrained optimizations dfand7* to obtain approximated
expressions with much simpler forms. These approximations
become especially useful in Sectigh V.

Approximation 2:Relaxing the integer constraints in the
calculation ofI (as in Approximatiori 1) and™ in (22) gives
the following “integer-relaxed” approximations faf, »*, and
T*:

d" ~dj, = den(ry,, T;,.),
T ~ T

r?

(26)
andr* = r},

where, ford, given in [I%) and any” € T,

ri(T) := min{r € (\, rmax) : den(r, T') = ¥, r(D—2T+1)},

ir

(27)
and
. . L d . 12]
T: = {mm {T cR*: d—T(dch(riT(T),T)) = OH o
(28)
T;r = TZ*T(T;;) (29)

V. APPLICATIONS OF THERESULT

Theore_erL shows thaF_the optimal decay behavior of them this section, we apply the result of Case 1 in Theo-
asymptotic total probability of error depends on the tafem[] to analyze and optimize the end-to-end error protpbili
behavior of the functiom. As discussed earlier, the burstinesgs systems communicating delay-sensitive and bursty ¢raffi

of the g-smoothly-scaling arrival process scales down

O(——L
g(log p) . .
respect to the scaling of the source burstiness:

&Ver three outage-limited channels: SISO Rayleigh faditata

). Below, we discuss each case of Theot@m 1, Witthannel, quasi-static cooperative relay channel, andiquas

static MIMO channel.

In Case 1, where the source burstiness scales down withTo illustrate the methodology, we restrict our attentioth®

O(—=

lo

), both components of the probability of error decagase of CPEX; 1, g, log p) arrival process wherg(log p) =

exponepntially withlog p. In this setting, one can optimize thelog p, for simplicity. Note that to better gain insights, we
choices ofr andT to arrive at a non-trivial optimal decay rateuse the integer-relaxed approximations obtained in Approx
d*. The optimalr* andT* balance and minimize the decayimation[2.



A. SISO Rayleigh Fast-Fading Channel

el ; ; ‘ ‘
Our first example considers an example of SISO Rayleigl T=5 —6— deterministic, D=11
fast-fading channel, whosén(r,7) = T(1 — r) (see [(B)). -%-p=1D=11
Combining this with[(IP) and{27) gives the optimal choice of 4 _:_ “f'gi' Biécl)o
multiplexing gain when the coding duration is fixedZatas -E-ﬁ;'oovl |5=3ooo
Y 3 —
* — ~ @ T=64
(M) =A+ 1 4+ sD+1-2T) (30) < IR N
T T ¥~ - N“IJ.
In addition, using[(28), the integer-relaxed approximabee 2 o lgws S~
timal coding duration can be expressed as = ~,‘E‘:\
1 D+1 52 Yoo ~":E‘:,\
T =|— —5— (31) R T e - S
14— T=1 Bt R SU TS
V20 T g o P e NI
Inserting 77, into (30), we get the approximated optimal 0 02 04 06 08 1
channel multiplexing gain as
Tif,»(L%j) Fig. 2. SISO, Rayleigh fast-fading, coherent channel. Tiel ine describes
rE =i (T = [)\ + 1-A } (32) the DMT (~ = ). The dashed and dotted lines descritjg(\) for various
ir ir\tir 1+ /2/14 (1) wandD.
Also, from (28), the approximated optimal negative SNR _ _ _ o
exponent is given as: e From a co_dlng point 01_‘ viewl is mdepend_ent of the
. y . average bit-arrival raté\. This implies that for a fixed value
di, = T;, (1= 15) of the average packet sizg/y, the optimal negative SNR
1 (D+1) 2] (=i ([2]) exponent is achieved by a fixed-duratibr 7. code. Optimal
= (e 5 (1- )\)] . codes for this setting exist for all valueswoandT ([20], [21],
Nerm 1—r7 (1) [28]). On the other hand, if’ is already given, the performance

(33) is optimized when the coding multiplexing gain is chosen as
Below, we provide some observations of the above resultd: B0), i.e.,

e The above result od* can also be interpreted as a tradeoff 1— )
which describes the relation between the normalized aeerag ri(T) = A — e

. 1+ pri—21)
arrival rate, T

E[A]N] e Sincermax = 1 for this SISO channel, we can verify that
N 7 ri. /" rmax fOr very bursty traffic (i.e.1/u — oc). That is
and the corresponding optimal negative SNR expourgrit\) for very bursty traffic the channel should operate closedo it
as a function of the delay bounB, and the average packethighest possible rate, which is the channel ergodic capacit
size 1/u. For constant bit arrivals (CBR) at ratelog p, i.e., 1) Numerical Comparison of the ApproximatiomBefore
mathematically whenl /i — 0, any coding durations lesswe move to the next example, we illustrate numerically that
than haff] of D (or more precisely| £ |) and any channel the approximations i (31J-(83) well approximate theiruatt
multiplexing rates greater thak result in zero probability of values in Theorenill. In Figufg 3, we show an example of
delay violation. Hence, the optimal negative SNR exponeatcomparison afi/; = 100 and various values op and
of the total error probability, denoted by 5, is equal to A. We observe that the approximated values match well with
the corresponding channel diversity when the optimal apdiithe exact values ifD is sufficiently large. The matching is
duration is at its maximum valug,Z |, and the channel remarkably good for/* andd;,. Note thatr}, is independent
multiplexing gain is at its minimum). That is, of D, except whenD is so small thatl;}. = 1.

tosn) = |5 | (1=,

It is not surprising that this coincides with the classicAlD Lo . L
With traffic burstiness, however, the optimal negative SNR As studied in [30], [31], we consider communicating bursty

. : . . " and delay-limited information from an information source i
exponenid;, (A) given in [33) is smaller tharlg, ;o (1). The a cooperative wireless relay network, shown in Figlie 4,

A= ngnoo(average bit-arrival rajg/N = i

B. Cooperative Wireless Networking with Optimal Clustgrin

ratio dr.(N) 1 where the diversity benefit of user cooperation is due to
FEGY) ~ (1+ L2 =1 encoding across space and time [26], [32]. In the absence of
V2 delay limitation, having more cooperative users almosagiwv

can be interpreted as the reduction factor on the SNR exponghnroves performance. This is not the case, though, when
in the presence of burstiness. Figlile 2 shows t*he Impactffe considers burstiness and delay QoS requirement. Take
traffic burstiness (which is parameterized pyon d;,.(A). for example a network where the information-source node

11The first half of D is spent waiting for the next coding block and theCOOPerates withy relays: unqer an orthogonal amplify-and-
other half waiting to be decoded at the end of the block. forward (OAF) cooperative diversity scheme and half-duple



141 Cooperative

+d Node 1 Cluster with
127 * : : : v* nodes
Ngfle 2
1,
°
0.8 °
o
e @
A —p
0.4f —_ .
Source N Destination
0.2} Node Nodev +1O Node
o
5 25 45 65 85 105 125 145 165 185 .
D
Node v O
(@) d* andd; vs D and A
12 + Fig. 4. Snapshot of a wireless network, where the source ndtizes a
+oT > subset of its peers (nodés2, ..., v*) as relays for communicating with the
- destination.
10 _Tir
ol result of Approximation[R2 to CPE source and the above
dep P(r) with T = 2(v + 1), the optimal performance is
6 achieved when the nodes cooperate in clusters with
“A=0.1,0.4,and 0.7 v
a o e D+1
U Uy = 11+ L)
ol V2p 1
4 relays and transmit at multiplexing rate,
0 : 5 65 85 105 12 15 165 1€ 1 L)
5 25 45 65 85 105 125 145 165 185 " " 3
D Tz7'ir:§_1_~_ 1
(b) T* andT;* vs D and A v2p

Note thatv}, is independent of the traffic average arrival rate
. This means that meeting the optimal tradeoff for various

+ 7 values of\ does not require modifying the cluster sizes, unless
—_ the traffic burstiness (parameterized by the average paiest
L A=07 H 1/u) changes.
D ¥ T b

C. MIMO Quasi-Static Communications
In the case of the MIMO Rayleigh fading channel with

RELARREEEE o .
g LANEE transmit andn,. receive antennas, and with complete channel
state information at the receiver (CSIR) and no CSI at the
iy h=oa o, . transmitter, the channel diversity gaify(r) is shown (see
S e [1]) to be a piecewise linear function that connects points
08 D105 125 145 165 185 (k,(ne — k)(n. — k), k=0,1,...,min(ny,n,). (34)
(c) v andri vs D and A The entire tradeoff is met " > n; [19]. An example of the

effect of burstiness is shown in Figuré 5, for the case of the
Fig. 3. Comparisons of the exact valuds, 7, and r* @Ba,[3b,[Bc, 2 x 2 Rayleigh fading channel¢ = n,. = 2). By assuming

respectively) and the integer-relaxed approximatidiis, 7;:., andr; ., at i i i
various D and A. The dotted lines with markers correspond to the exagpat T is given (not an optimizing parameter) and equal to

solutions while the solid lines represent the approximatgutiens. 2, the optimal multiplexing gain*, which balances the SNR
) ] ] . exponents of the probabilities of delay violation and déegd
constraint. This cooperation scheme gives the DMT: error, is the solution tal(r*) = I(r*,T = 2). Using the
dgg‘)p(r) = (v+1)(1—2r). approximation [(I18) ofl for CPE source, the approximation

r¥. is the solution to

Note thatrmax = 1/2 under this protocol. To realize this . .

amount of diversity, the coding duratidh is required to be den(ri,) — pu(riy = M(D =3) =0,

at least2(v + 1) channel uses or timeslots. This means thayhere d, is the piecewise linear function connecting points
in spite of the increase in the negative SNR exponent of the [@4). In other wordsr?, is given as

probability of decoding error with the number of cooperativ 9> ) 1

A 2282 i A e (0,1 — A

relays, relaying over all nodes in the network might not be .«
1
3+u(D-3)° u(D—3) J-

r

desirable as it increases the delay violations. Applying th
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is asymptotically dominated by the worst case probabilitig

4 ;D:10, n;, burstiness not clear whether such adaptive transmission rate meahanis
351 - - -D=10, p=1 1 will improve the asymptotic decay rate of the probability of
N N, D=10, p=1/10 | bit error.
h In addition, this work focuses on the notion of SNR
250 N 1 error exponent as a measure of performance. This view of
S h% | communication systems provides a tractable and intuitive
o % characterization of various suggested schemes in theSiNR-
15f \\ 1 regime. It would also be interesting to fine-tune the highRSN
Al . | asymptotic analysis presented here, for the regime of finite
,,,,,,,,,,,, eI SNR, as well as extend it to different families of bit-arfiva
05 e BN ] processes.
0 . . Ry
0 0.5 1 15 2 APPENDIXA
A PROOF OFPROPOSITIONT]
Fig. 5. MIMO, quasi-static, coherent 2x2 channét. v.s. A for different Propositior1:Consider ag-smoothly-scaling proces4(")
values of D and .. with the limiting ¢g-scaled log moment generation functidn
Let 51N =St A™) for ¢ € N. Then, fora > A, we have
Figure[® shows the resultindg*(\) = dcn(r,.) for various . (V)
values of burstinesg and D. A}gnoo oy log P < 3\7 > a) — —tA*(at), (35)
VI. SUMMARY AND FUTURE WORK where A* is the convex conjugate of.

This work offers a high-SNR asymptotic error performance  Proof: Let n = g(N) and Yt(") = WSEN). From [8)
analysis for communications of delay-limited and bursty irand the property ofA for the g-smoothly-scaling process, we
formation over an outage-limited channel, where errors obave
cur either due to delay or due to erroneous decoding. The 1 oy (™
analysis focuses on the case where there is no CSIT and Ay, (0) == nhf;oglogE[e ©]=As, (0) = tA(D),

no feedback, and on the static case of fixed rate and fixgglion eyists for eactt € R as an extended real number and
length of coding blocks. This joint queue-channel analys}g finite in a neighborhood off — 0, essentially smooth,

is performed in the asymptotic regime of high-SNR and 'Bnd lower-semicontinuous. Then, thea®er-Ellis theorem
the assumption of sm_oothly _scaling (with SNR) bit'a_”ivadTheorem 2.11 in [14]) shows thét’t(")/n (which, in this
e e e seace, s eauien 5, /) st hdare cevions
statistics. These expressions identify the scaling regifrtee FJ inciple (LDP) in R with good convex rate function
source and channel statistics in which either delay or dagod Ay, () := sup 6z — Ay, (0) = sup Oz — tA() = tA™(z/t).
errors are the dominant cause of errors, and the scalinmeegi vER OER
in which a prudent choice of the coding duration and ranra > B ] — M, the LDP result gives the assertion of
manages to balance and minimize these errors. That is,ﬂi]% proposition (see Lemma 2.6 and Theorem 2.8 in [18])
this latter regime, such optimal choice manages to balance ' ' '
the effect of channel atypicality and burstiness atypigalio
illustrate the results, we provide different examples dyatly
the results in different communication settings. We emjzieas
that the results hold for any coding duration and delay bound
Many interesting extensions of the current work remain. LemmaR®:Giveng € G, T € T, r > A, a batch service of
One example is the high-SNR analysis of systems with reNT every T timeslots, and g-smoothly-scaling bit-arrival
transmission mechanism and/or adaptive adjustment of fi@cess characterized by the limitingscaled log moment
transmission rate and coding duration as a function of tigneration functiom\, the decay rate oPgeiay(r,7') is given
current queue length at the transmitter. With retransmissi by the functionl, i.e.,
the diversity of the channel can be improved consideral8y [3 ) 1
but at the cost of longer and random transmission delays. i 9V log Paetay(r, T') = —1(r, T)) (36)
On the other hand, we may be able to improve the system
performance by adjusting the transmission rate accordingVY ere
the need of the bits in the queue. For example, when the. 1)
gueue length is short, we may reduce the transmission rate,

50
N

APPENDIXB
PROOF OFRESULTS ON THEASYMPTOTIC PROBABILITY
OF DELAY VIOLATION

D+1-2T
which improves the probability of channel decoding error bu= mig T +T—1—k)A* (r + M) )
possibly at the cost of longer delays of the bits that ariaterl tTﬁe_Zl_:bo

However, since in high-SNR analysis the probability of erro (37)
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and k¥ = D(mod T). In addition, I(r,T) is lower- bitis given as
semicontinuous and increasing on

Proof: Letge G, T € T={1,2,...,| 2|}, r > A, and . o™ (w)
k= D(mod T). Without loss of generallty, we assume that " =={w e Q™ T —i4 ~g7 |T>D) 41)
I(r,T) <

For any given SNRp and N = log p, there areAEN) bits

arriving at timet. The queue is being served exactly at time, Using (38) and[(41), we show in Lemrila 3 of Appenflik D

mT, for m € Z, with an instantaneous removal of the oldes at

RT =rNT blts The corresponding queue dynamics for the (V)

queue sma@t , at timet, are as follows. Pueiay(r, T) = P(Qp"y ) = (QT 1k = (D_T_k)ﬁ)é)
() _ Qt + A(N) TR} + ift=mT. mec?Z Intuitively this means thaPyeiay(r, T') is asymptotically equal

P(QN)_,), equivalently Pyeay(r,T) is asymptotically
equal to the probability that the last bit arriving at tifhe 1— &

(38) i
(N) _ sees a queue length greater th{dh— 7'— k)R bits.
where@>.. = 0. Since the arrival process |s stationary and Finally, using [@2), what remains is to establish that

the system started empty at timex, thenQi has the same
steady-state distribution as that NT) +i» M € Z, for each (N)

il ' log P > (D-T—k)rN
i = 0,...,T — 1. The delay at timei also has the same lim —° (@r—py > ( JrN)
steady-state distribution as the delay at tim@ + i. Since 9(N)

Paetay(r, T'), as a function of-, T, is defined as the probability = —1(r,T)

t
Q(N) N), otherwise

- i D+1-2T
of the steady-state delay being greater tfizanwe have _ miE (T +T—k—1)A" (r N (tTjrrT : )17‘)
Pyelay(r, T') AT k0
:= P(steady-state delay of a hit D) (43)
—— Z P(s-s delay of a bit arriving at time> D), For notational simplicity, let := 7 — 1 — k andq := (D —
T = T —k)r. Note thatg > ri > 0 sinceT € {1,2,..., 2]} and

(39) k= D(modT). Now, since

where the equality holds since the arrivals are independent
across time. From Lemm@a 4 in AppendX E, we have that Q+Trt = w7
the delay violation probability o&ny bit arriving at times is Tt+i tr+T-k-1
asymptoticallyequal to the delay violation probability of the
last bit arriving at timei, (39) becomes

it is sufficient to show that

T-1 -1 log P(Q™) > Ng) + Tt
1 N N . log i 9 w4
Paenfr,T) £ 23" P(QM) £ 3" P(Q™),  @0) [ —— 75 == i (Tt )N ().
=0 1= tT+i>0 (44)

where QEN) denotes the event that the last bit arriving aje separately show (matching) upper and lower bounds.

timeslot i violates the delay bound. This holds because Fjist we show the lower bound. By using the queue

T'is & constant independent pf Hence, E%\R) says thdlselay  gynamics inl[3B) recursively and the assumptiodt) = 0,

is asymptotically equal to th(e )sum 6HQ; ) the queue lengtif)!" is related to the arrivalst"), j <1,
Next, we relate the ever®!"’ to a condition on the queuein the following manner:

length Q™) for i = 0,...,7 — 1. To do this, we need to

describe the condition that the delay of the last bit argvin i
at timeslot: violates the delay bound. Upon arrival, the Q™) = sup Z A§N) — TN |, (45)
last bit seesQEN) bits (including itself) waiting in the queue. tezt \ ;-7

Since the batch service happens exactly in multiples/of
the bit must WaltT — 4 timeslots for the next service to startWhere we use the convention th@ A(N) — 0. Using this
1 =

T timeslots for allQ!" bits (including relation and the fact that > 0, we have’
the last bit) to get served and be decoded. Hence, the last bit

arriving at timei violates the delay bound if, and only if, i
. PQM>Ngy =P | sup > AN —rtTN > Ng
T— {Q l T>D. 1 i
T _
(V) contai i =P| sup > ANV -rTN >N
Let O contains all measurable random events. The condi- p ] q

. . . . . +. .
tion above implies that the delay violation event for thet las ttTi_ZDO J=—tT+1
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Now, for any fixedt € Z* so thattT + i > 0, we have APPENDIXC
PROOF OF THEMAIN RESULT

P(QEN) >Ng) > P Z A;N) — TN > Ngq Proof of Theoreni]1:Recall that:
J=—tTl Ptot(ra T):= PCh(’r) T) + (1 - Pch(T7 T))Pdelay(ra T)a (50)
= here, from[(l)
N

= P[> AN > N(g+rT) where, ’
= Pen(r, T) = p~o (1) (51)
G

- p Tz\t;m > q+rTt and, from Lemmal2,

Pyelay(r, T) £ e~ 1 Tallog ), (52)

Taking the limit of both sides and using Propositidn 1, we ) (V)
Case 1when th L5 =7 € (0,00). We have

have —00
log P(Q™Y) > N Tt P, T) = p~ 1) 53
liming 28P@ > N0 S gy a4 detay(r, T) = p (53)
N—oo g(N) Tt +1 and
Sincet is arbitrary, maximizing the RHS over gives the Pooy(r, T) = p~ mintI(n1), den(r-D)} (54)
appropriate lower bound: The optimal negative SNR exponent Bf; is
log P(Q™) > N Tt
fminf B2 > NG o e (T e sup | 1im 18 Lo T)
N—oo g<N) t€Z+ Tt +1 p—00 logp
tT+i>0 Te(ji\éqrmax)
“7) = i I(r,T), d T
For the upper bound, we use the following result from re(sxu.}«)max) tmin {707, 7). den(r.T)}}
Lemma[5 in AppendikJF: TET
. log P(Q(N) > Nq) . ) q+rTt = max { sup  {min{yI(r,T), den(r, T)}}} (55)
1 2 < — f Tt“r A* B TeT T T'max,
praie g(N) <= i TN CR) it

tT+i>0 We first solve the optimization sub-problem within the bretck

noting that the RHS is strictly greater tharo, by assump- for any given integefl” € T. Becausel (r, T) is increasing on

tion. Hence, the lower and upper bounds coincide (44> A while den(r, T') is strictly decreasing on € [0, 7may, the

holds. sub-problem is solved by the optimal choice of multiplexing
To complete the proof, we show the propertiesI¢f, 77) 9ain when the coding duration is fixed &tas

for T € T. First, I is increasing on > \ because\*(z) is (T — inf . .

. . . = € (\ cyI(r,T) = den(r,T)}. (56

increasing onz > A (Lemma 2.7 in [14]). Second](r,T) ri(T) = inf{r € (A Tmax) : y1(r, T) = den(r, )} (56)

is lower-semicontinuous on becausel is the minimum of Hence, [5b) is solved with the optimal coding durati®n,

a number of functionA* which are lower-semicontinuousgiven as

(Lemma 2.7 in [14]). [ | T = argmax yI(r*(T),T),
Approximation[Jl: Relaxing the integer constraint ih_{13) ret
gives the lower bound of as and the optimal multiplexing gain*, given as
I(r,T) > 6,7(D+1—2T) =: L.(r,T), (48) rt=ri(T7).

Note that, since/(r,T") > 0 whenr > X andden(r,T) > 0

where whenr < rmax it is guaranteed that™(7") € (A, "max)-
8y =sup{ > 0: A(0) < Or}. (49)  case Case 2when lim_ 9t — 0 and Jim &(NA), = 00. In this

case, for allr € (A, rmax) and allT e 'JI‘ we havePyelay(r, T')

Proof: By the definition of/, we have
asymptotically dominate$e(r,7) and hencePyg(r,T) is

I(r,T) asymptotically equal tQPyelay(r, T'). Since, for anyl’ € T,
I(r,T) is increasing on- > X\, we have
D—-2T+1 ’
= min (#T+T-1-k)A* (r+r7+)
tezt: tr+T—1-k —log Pot(r,T)
tT+T—1—k>0 sup lim ————— < max sup I(r,T)
. « D — 2T + 1 T‘G(AJ‘max), p—0 g(log ID) TeT T’G(Aﬂ’max)

> min 7A (7” + 7“7) TET

TERT T =max I(rmax 1)
= 6,7(D — 2T + 1), rer MO S

N . . .
where the last equality is a result of Lemma 3.4 of [14] with Case 3when A U3 = oo, This case is an opposite of

J, defined as in[{49). m Case 2. HereP(r, T) is asymptotically equal t&%n(r, T') for
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all » € (\,7max) and allT € T. Sincedc(r,T) is decreasing where the equality in (b) is froni_(58). Next, we establish the

on r and increasing ofi’, we have (asymptotic) equalities (a) and (c). For (a), we first need to
show that
—log P, T
sup Ml(ﬁ;y)ﬁg%{sw %Wﬂ} T—k—1
T JTmax), P70 r ,Tmax N N
e S > P L PO, ). (60)
= max den(A, T) =0
c D To establish this, we first observe that
= den(A, {J) N N N N N
e QW) = QM WA W) ..+ 47 W) 2 QY (W),
APPENDIXD = >0
PROOF OFLEMMA ) (61)
In this appendix, we prove the following lemma which gor ?1” we @ and0 <i <j < T -1 Hence, from[(Z8),
used in AppendixB. ave
. H D
Lemma 3:Considerg € G, T € T = {1,...,|%]}, P )= pP™), ief{o,....T—k-1},

r > A, a family of g-smoothly-scaling bit-arrival processes
characterized by the limiting-scaled log moment generationwhich implies

function A, and a periodic batch service ofNT bits at Th1

timeslotsm1’, m € Z. Let QZ(.N) be the queue length at time Z P(QEN)) < (T - k)P(Qg“]\i)k—l)' (62)
i€{0,...,T —1}. Then, the evenQ(TJ\i)k_l, defined as i=0
(N) (w) On the other hand, from the non-negativity of probabilitg w
oM =lweaW™ py14 | LT TS D have
RT T k-1 .
N
with & = D(mod T'), asymptotically dominate®selay(r, T'). Z P(Q;7) = P(Qr 1) (63)
In other words, =0
Paerny(r. T) 2 PT(Q’_(Z“]\i)k—l S (D-T—krlogp). (57) g:;orcvbltrr::tg [62) and[(@3), we havE€_[60). Similarly, we can
Proof: Let &k = D(mod T) andi € {0,...,7 — 1}. -1
Recall from [41) that S Py £ pofY). (64)
A w) -
oV ={we Q™ T —i+ {z}w-‘ T > D}. Combining [6D) and{84), equality (a) iR (59) is established

To establish equality (c), it is sufficient to show that
Now using the observation that, for anyy € R,

(N) / (N) / (N) I
[ﬂ>y@(m]>LyJ@x>Lyj, P(QO >DR)§P(Q] >DR)§P(O >(D T)R)7

(65)
we have forany D’ > T andj € {0,...,T — 1}. This is because for
oM _ w.QEN)(‘U) D+i—T j1=T—-1andD] =D — k, we get

S G T P, > (D -kR) < P(QY) > (DT - k)R)
™) T-1 — 0 )
_ {{w : Qz('N)(W) (D-T—k)R}, i€[0,T—k—1] while for jo =T—k— 1 and D) = D—T— k, we get
{w: Q™ (W) > (D—K)R}, e [T—k,T-1]. ) )
(58) P(Qy "’ >(D—-T-kR) < P(Qy__, > (D—T—Fk)R),
On the other hand[_(#0) implies that asserting (c).
Pelay(r; T) We prove [(Gb) .in two steps. The lower bound directly
1 follows from (63), i.e.,
g (N)
25" po! (™) (V) N
Z;( ) QM (@) > QM (w), Yw € o™,
T—k-1 ™) -1 ™) For the upper bound, we notice that, fo¥ > T" and
= P<Qi ) + Z P(Q;™) (N)
i=T—k we{weﬂ(N):Q- (w)>D’R}

L p ( W)+ P

2 max{P(Q, 1), P(QF)}

(—max{P@(TNa 1> (D=T=K)R), P(Q{", > (D-1)R)}

) QMW = @MW)+ AN W)+ + AN (w) - TR
(_C)P(QT v_1> (D-T—E)R), (59) _ QEN)( )+A§Jii( )+ ~-+A(TN)(w)7TR,

—~
S
Naid

g{weQ QWR)>TR}

QgN)( ) is related toQ ( ) as
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where[-]* is removed. As a result, we have where the equality is a result of ho®¥) is defined. This
(N) means that
P(Q;"" > D'R)

1
5 D) > Y Lp(z00 5 DAY —ay p(AY) =
=P —{aAf)+ ..+ 4V} + TR > D'R) PW>D) 2 ) GP(Z7> DA =a) P47 =a)

a€N
N
<Py > (D' ~T)R) ~ 3 Lp(z™ = p and AN —q).
= P(Q) > (D' -~ T)R), aen
Now, for a givens > 0, define
where the last equality holds sincp(TN) and Q(()N) have the d b
same stationary distribution. [ BW) .= {beN:b< 1M,
We can further lower boun@ (W) > D) as follows:
APPENDIXE
PROOF OFLEMMA [ P(WW) > D)

This appendix shows that the average probability of delay > Z lp(Z(N) <~ D and AEN) =a)

violation for bits that arrive at timeé is asymptotically equal wepmy @

to the corresponding probability for the last bit arriving a —Bg(N) (V) (N)

that time. The proof is mainly based on the definition of the =€ Z( )P(Z >Dand4;" =a)
ae BN

g-smoothly-scaling process. ™

Lemma 4: Considerg € G and a family of g-smoothly- = ¢ PN Pp(ZzMN) > D and A} € BY), (70)
. . . N

scaling bit-arrival processe§4,,t € Z), N € N), char- where the second inequality holds becauge > ¢~#9() for

acterized by the limitingg-scaled log moment generation (N)

function A. For any givenN, let W¥) be a random variable Next how that?(A™) ¢ BV | as N

having the same distribution as the steady-state disimiut ZX 'tr\:\'/etf ow af[h( o f fi N asthl - (TO

of the delay of a randomly chosen bit that arrives at tim\é\/e o this by using the definition of the-smoothly-scaling

i€{0,...,T —1} while Z") is a random variable having gProcess: there exists> 0 such that

distribution that is identical to the steady-state disttitn of logE[eeAgmg(N)/N]
the delay for the last bit that arrives during timeThen, for ngnoO ™) =A(0) < .
any D > 0, g
Hence, for anye > 0, there existsVy = Ny(¢) such that for
Pw™ > D)L p(zN) > D). (66) all N > N,, we have
Proof: We show [[66) by showing the upper bound: g(N)(A(B) +¢) > logE[egAq(N)g(N)/N]. (71)
PWW) > D) < P(Z™N) > D) (67)  The RHS can be lower-bounded, for amy € N:

and the lower bound: -
logE[eeAi g(N)/N} = log ZP(Al('N) _ a)eeag(N)/N

PW®™ > D)2 p(z™) > D). (68) =

The upper bound is an immediate consequend& 6f) (w) <

(N) _ . 0ag(N)/N
ZW)(w) for w € Q). Below we prove the lower bound. We >log | Y P(A =a)e

have a>a;
N a
P(W(N) >D):ZP(W(N) >D|A§N)ZQ)P(A§N):0,). zlog (P(Az( ) Zal)eo 19(N)/N>
“ N

Now, given thatAEm = q bits arrive at time/, we index thex
bits as bit 1 taz, where bit 1 arrives first and bit arrives last.
Given AEN) = a, we let WJ(N) to be the steady-state delay of
the j-th bit, j € {1,...,a}. Since the bit can have any index,
from 1 to a, with equal probability ofl /a, we have

This together with[{71) gives

log P(A(™) > a) < g(N)[A(D) + ¢ — "2,

for all a; € N. Now, we selectz; = e9(V) to get
1 a
PN > pIAN =) = =3 POV > DAMN =a). log (1= P(AN € BY)) = log P(A(Y) 2 70)
J=1 PeBa(IN)
N

Ignoring all but the last term in the sum, we have <g(N)[A(O) + € -

PWWMN > pAN) =a) > lp(chN) > D|AN) =q)  Since lim lgo(gNA), = oo, We, then, have
a

N—o0

1
= —P(zZ™ > DAY —a), P (A§N> c B<N>) 1 (72)
a
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Finally, combining [7R) and{70) implies that, for agy> 0, For the first term (the < ¢, term) in the maximum, we

use Proposition]1 to get

log P(WW) > D) log P(Z™N) > D)

lim > lim — 0. (N)
00 g( ) s g( ) max lim sup 7]\[ 10gP < t;+z >q+ TTt)
Since 3 can be chosen arbitrarily small, we have the lower — ~7<{Sfo N—oo g(N)

i i Tt

bound in [€8), hence the assertion of the lemma. [ | < max —(Tt+4)A" (q +r | )
_%<tSt0 Tt +1
Tt

APPENDIXF < — inf (Tt+44)A* <Q+T . ) ; (76)
PROOF OFLEMMA [§] tez T Tt+1i

tT+i>0

In t_his appendix, we prove the following lemma which ighich is the RHS of [[Z8) and finite by assumption.
used in App.endnE.B. b Now, we show that we can selegt appropriately such that
Lemma 5:Considerg € G, T € T = {L....[3|}, the second term (the> to term) in the RHS of[(75) is also

r > A a family of g-smoothly-scaling bit-arrival processes,, greater than the RHS df{73). In other words, we show that
characterized by the limiting-scaled log moment generation,qre exists, such that

function A, and a periodic batch service ofNT bits at

. (N) ; 1
timeslotsmT', m € Z. Let @; be the queue length at time lim sup log 3 P (St(ZJYJ)rZ > N(q + th))
i€{0,...,T —1}. Then, forq > ir, we have N—oo 9(N) 7L
. as [qF+TTE
) log P(Q(N) >Ngq) . . q+rTt <— inf (Tt+4+1i)A ( - > . (77)
1 2 < — inf (Tt4+i)A” +: Tt
lzrvnjgop g(N) - té%*: (Tt+) Tt+1 t%“eJrZz‘SO +Z

tT+i>0

(73)  This is shown by proving that there exist somie> 0 and
assuming that the RHS is strictly greater tharc. ¢ > 0 such that

Proof: The proof uses the same technique as in [14,

. . 1
Lemma 1.10 and 1.11]. Using_(45), we have the following lim sup = log Z P (St(jjf?ﬂ > N(q+ th))
bound: N—oo 9(N) 7
_ < —el((to +1)T + 1), (78)
P(QgN) >Ng)=P | sup Z A;-N)—rtTN>Nq for all ¢ € N. Now, selecting
tGZl+: j=—tT+1
tT+1>0
1 Tt
to= |z inf (Tt+i)A" (thr : )
=P | sup St(JTVJ)rZ —rtTN > Nq ¢ R T
tezt:
tT+i>0 provides [(77).
< Y P (SET\’L > N(q+ th)) , To prove [78), we first use Chernoff bound as follows:
tit>— &
>TT Z P(S,(éﬂvj_l > N(q+rTt))
Now, for any fixedt, € N, we have t>to
0g(N) o(N) 0g(N)
= P (eTstT+i > QTN(‘1+TT75)>
P@QM>Ngy< > P(Sir), > N(q+rTt)) ;:
7%<f§to i (N) g(N)
< e Q(N)(Q+TTt)E[695tT+i N ]
+ 3" P(S), > N(g+rTt)).  (74) ;
t=to — Z e~ 09(N)(g+rTt) (E[e“)AiN)W])tT—H
Employing the principle of the largest tdHngives t>to
= 3 exp(—g(N) (T + i) x
o, 108 P@™ > N) >Z
o g(N) ’ 09(N) 4(N)
N—o0 9 A
q+rtT log Ele=~ 41 ]
log P(SX), > N(q + 1Tt 9( ) ), (79)
< max( max limsup 08 P(Sirss lg+r )), tr+1 g(N)
—5<t<to N—oo g(N)

. 1 ™) whered is an arbitrary positive scalar and the second equality
h]{/njip ) log Y P(Sip); > N(g+ th)))- (75) is a consequence of i.i.d. assumption 4"
t>to Next, we use the convexity of and the fact that\’(0) =
A < r (RemarK?®) to establish that there exist sofne 0 and
12The principle of the largest term [14, Lemma 2.1]: Let and by,

be sequences iRT. If n~lloga, — a andn—llogb, — b, then € > 0 for which
n~log(an + by) — max(a,b). This extends easily to finite sums. A(0) < O(r — 2e). (80)



On (tlb)e <N)other hand, from [J(5), we know that[9]
M — A(f). This means that there exists
a Nog = No(0,¢€) such that, for allN > Ny, (10]
0g(N) 4(N)
log Efe"~ A17] (11]
< A(0) + Oe.
g(N) (6) [12]
Combining this with [[8D), we have
ng(VN) AgN) [13]
log Ele ) <O(r—2¢)+0ec=0(r—c¢), (81)
g(N) 14
for all N > Nj.

Hence, using(d1), the term inside the square brack&tin (19!
can be bounded, uniformly over all> ¢y, as
K + I\ log Ele Lo A§N>]
tT + i g(N)

(16]

0 (7"+ q‘ir) _ log B AT +
tT 4+ g(N) (18]
o log Ele eg<N>A(N>]
g(N) [19]
>0r —0(r—e)
= e, (82)

[20]
where the first equality holds becauge- ir, by assumption.

Inserting [EZ) into[(7B), we havé (I78):

[21]
lim sup log Z ( tTﬂ > N(q+ th))
N=oo t>tg [22]
< lim Sup log exp (—g(N)(tT + i)0¢)
N—o0 t>ztg [23]
. 1 e —g(N)0e((to+1)T+1i) [24]
= timsup o (g )

= —ef((to + 1)T + i),
and, hence, the assertion of the lemma.

(25]

[26]
REFERENCES

[1] L. Zheng and D. Tse, “Diversity-multiplexing: a fundamehtradeoff
in multiple-antenna channelslEEE Trans. Inf. Theoryvol. 49, no. 5,
pp. 1073-1096, May 2003.

L. Ozarow, S. Shamai, and A. Wyner, “Information theoretansider-
ations for cellular mobile radio,JEEE Trans. Veh. Technolvol. 43,
no. 2, pp. 359-378, 1994.

R. Berry and R. Gallager, “Communication over fading chelarwith
delay constraints,IEEE Trans. Inf. Theoryvol. 48, no. 5, pp. 1135- [30]
1149, 2002.

R. Berry, “Optimal power-delay trade-offs in fading cheets: small
delay asymptotics,” innformation Theory and Applications - Inaugural [31]
workshop San Diego, CA, Feb. 2006.

D. Rajan, A. Sabharwal, and B. Aazhang, “Delay-boundextkpt
scheduling of bursty traffic over wireless channel§EE Trans. Inf.
Theory vol. 50, no. 1, pp. 125-144, 2004.

R. Negi and S. Goel, “An information-theoretic approachgueuing in
wireless channels with large delay bounds,"IREE Global Telecom-
munications Conference ( GLOBECOM '04pl. 1, 2004, pp. 116-122 [33]
Vol.1.

|. Bettesh and S. Shamai, “Optimal power and rate controhimimal
average delay: The single-user cad&EE Trans. Inf. Theoryvol. 52,

no. 9, pp. 4115-4141, 2006.

L. Liu, P. Parag, J. Tang, W.-Y. Chen, and J.-F. Chambel&Resource
allocation and quality of service evaluation for wirelessnmunication
systems using fluid models|EEE Trans. Inf. Theoryvol. 53, no. 5,

pp. 1767-1777, 2007.

[27]

(2] (28]

[29]
(3]
(4]
(5]

(32]
(6]

(7]

(8]

16

D. Wu and R. Negi, “Effective capacity: a wireless link nebdfor
support of quality of service,JEEE Trans. Wireless Communvol. 2,
no. 4, pp. 630-643, Jul. 2003.

A. Dembo and O. Zeitounil.arge Deviations techniques and applica-
tions 2nd ed. Springer, 1998.

A. Weiss, “A new technique for analyzing large trafficstggms,” Ad-
vances in Applied Probabilityvol. 18, pp. 506-532, 1986.

D. D. Botvich and N. G. Duffield, “Large deviations, theape of the
loss curve, and economies of scale in large multiplexe@jeueing
Systemvol. 20, pp. 293-320, 1995.

C. Courcoubetis and R. Weber, “Buffer overflow asympu®for a buffer
handling many traffic sourcesJournal of Applied Probabilityvol. 33,
pp. 886903, 1996.

A. Ganesh, N. O'Connell, and D. WischilBig Queues
Verlag, 2004.

S. Kittipiyakul and T. Javidi, “Optimal operating poirfor MIMO
multiple access channel with bursty trafficlEEE Trans. Wireless
Commun,. vol. 6, no. 12, Dec. 2007.

——, “Optimal operating point in MIMO channel for delagissitive
and bursty traffic,” inIEEE Int. Symp. Information ThegnSeattle,
Washington, USA, Jul. 2006.

P. Elia, S. Kittipiyakul, and T. Javidi, “On the Respareness-Diversity-
Multiplexing tradeoff,” in5th Intl. Symp. on Modeling and Optimization
in Mobile, Ad Hoc, and Wireless Network&pr. 2007.

T. Holliday and A. Goldsmith, “Joint source and channetling for
MIMO systems,” inAllerton Conf. on Comm., Control, and Computing
2004.

P. Elia, K. Kumar, S. Pawar, P. Kumar, and H.-F. Lu, “Exjlic
minimum-delay space-time codes achieving the diversity-makipg
gain tradeoff,”IEEE Trans. Inf. Theoryvol. 52, no. 9, pp. 3869-3884,
2006.

S. Yang and J.-C. Belfiore, “Optimal SpaceTime codes fer MiMO
amplify-and-forward cooperative channelEEE Trans. Inf. Theory
vol. 53, no. 2, pp. 647-663, 2007.

S. Tavildar and P. Viswanath, “Approximately universaties over slow-
fading channels,JEEE Trans. Inf. Theoryol. 52, no. 7, pp. 32333258,
2006.

H. El Gamal, G. Caire, and M. Damen, “Lattice coding andadkg
achieve the optimal diversity-multiplexing tradeoff of MIM@annels,”
IEEE Trans. Inf. Theoryvol. 50, no. 6, pp. 968-985, 2004.

P. E. G. Caire and K. R. Kumar, “Space-time coding: an oeery/
Journal of Communications Software and Syste@rs. 2006.

P. Elia, B. Sethuraman, and P. Vijay Kumar, “Perfect spatwe codes
for any number of antennaslEEE Trans. Inf. Theoryvol. 53, no. 11,
pp. 3853-3868, 2007.

D. Tse, P. Viswanath, and L. Zheng, “Diversity-multipileg tradeoff in
multiple-access channeldEEE Trans. Inf. Theoryvol. 50, no. 9, pp.
1859-1874, Sep. 2004.

J. Laneman, D. Tse, and G. Wornell, “Cooperative ditgrisi wireless
networks: Efficient protocols and outage behavidEEE Trans. Inf.
Theory vol. 50, no. 12, pp. 3062-3080, 2004.

K. Azarian, H. El Gamal, and P. Schniter, “On the achideativersity-
multiplexing tradeoff in half-duplex cooperative chanriel€EE Trans.
Inf. Theory vol. 51, no. 12, pp. 4152-4172, 2005.

P. Elia, “Asymptotic universal optimality in wireless ntishntenna
communications and wireless networks,” Ph.D. dissertati$C, 2006.
Y. Viniotis, Probability and Random Processes for Electrical Engineers
McGraw-Hill, 1998.

P. Elia, S. Kittipiyakul, and T. Javidi, “Cooperativavdrsity in wire-
less networks with stochastic and bursty traffic,” [IBEE Int. Symp.
Information Theory Nice, France, Jun. 2007.

S. Kittipiyakul and T. Javidi, “Relay scheduling andogeerative diversity
for delay-sensitive and bursty traffic,” #i5th Annual Allerton Confer-
ence on Communication, Control, and ComputiMpnticello, lllinois,
USA, Sep. 2007.

A. Sendonaris, E. Erkip, and B. Aazhang, “User coopenadiversity.
part i. system descriptionJEEE Trans. Communvol. 51, no. 11, pp.
1927-1938, 2003.

H. El Gamal, G. Caire, and M. O. Damen, “The MIMO ARQ channel
diversity-multiplexing-delay tradeoff [EEE Trans. Inf. Theoryvol. 52,
no. 8, pp. 3601-3621, Aug. 2006.

Springer-



information theory.

Somsak Kittipiyakul received his S.B. and M.Eng.
degrees in electrical engineering and computer sci-
ence from Massachusetts Institute of Technology in
1996. He received his Ph.D. degree in electrical
and computer engineering from the University of
California, San Diego, in 2008. He is currently
with Sirindhorn International Institute of Technol-
ogy, Thammasat University, Thailand.

His research interests include wireless communi-
cation and networking, stochastic resource allocation
and scheduling, and queuing analysis.

Petros Elia received his B.Sc. degree in Electrical
Engineering from the lllinois Institute of Technol-
ogy, Chicago, USA in 1997. In 2001 and 2006 he
received his M.Sc. and Ph.D. degrees in Electri-
cal Engineering from the University of Southern
California, Los Angeles, USA.** He is currently
Assistant Professor within the Department of Mo-
bile Communications where he teaches classes on
mobile communications. His research interests in-
clude MIMO communications, cooperative diversity,
cross-layer aspects in networks, coding theory and

Tara Javidi (S96-M02) studied electrical engineer-
ing at Sharif University of Technology, Tehran, Iran
from 1992 to 1996. She received the MS degrees
in electrical engineering (systems), and in applied
mathematics (stochastics) from the University of
Michigan, Ann Arbor, in 1998 and 1999, respec-
tively. She received her Ph.D. in electrical engineer-
ing and computer science from the University of
Michigan, Ann Arbor, in 2002.

From 2002 to 2004, she was an assistant professor
at the Electrical Engineering Department, University

of Washington, Seattle. She joined University of CalifarnSan Diego, in
2005, where she is currently an assistant professor ofriglgicand computer
engineering. She was a Barbour Scholar during 1999-200fkata year and
received an NSF CAREER Award in 2004.

Her research interests are in communication networks, sstich@source
allocation, stochastic control theory, and wireless comeatiuns.

17



	Introduction
	Prior Work and Our Contribution
	Overview of the Results
	Outline of the Paper
	Notations

	System Model
	Channel and Coding Model
	Smoothly-Scaling Bit-Arrival Process
	Motivation for Smoothly-Scaling Assumption
	Asymptotic Characteristic of Smoothly-Scaling Processes
	Examples of Smoothly-Scaling Processes

	Performance Measure and System Objective

	Asymptotic Analysis of Probability of Delay Violation
	Main Result: Optimal Asymptotic Total Probability of Error
	Approximation of the Optimal Negative SNR Exponent

	Applications of the Result 
	SISO Rayleigh Fast-Fading Channel
	Numerical Comparison of the Approximation

	Cooperative Wireless Networking with Optimal Clustering
	MIMO Quasi-Static Communications

	Summary and Future Work
	Appendix A: Proof of Proposition 1
	Appendix B: Proof of Results on the Asymptotic Probability of Delay Violation 
	Appendix C: Proof of the Main Result
	Appendix D: Proof of Lemma  3
	Appendix E: Proof of Lemma 4
	Appendix F: Proof of Lemma 5
	References
	Biographies
	Somsak Kittipiyakul
	Petros Elia
	Tara Javidi


