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Abstract— Next generation wireless cellular networks will sup- rate of 1073, In contrast, non-real-time applications like web
port a variety of quality-of-service (QoS) sensitive applications prowsing and file transfer have a loss requirement @f®
like streg:mng lm“'t:jm%j'% and h'QZ'Spede datakfc;r dc;]wghrll_k but can withstand large delays [4]. Hence arises the need for
users. annel an oS aware downlink packet scheduling o L . .
policies are going to play a key role in efficiently utilizing system des_lgnlng schedulers that epr|C|ftIy factor in requiremseof
resources and enhancing QoS experienced by end users. Schedvarious classes of services they intend to support.
ulers specifically designed to support non-real-time delay tolerant ~ Scheduler design is guided by the need to optimize one
services perform poorly for real-time delay sensitive services, or both of the following objectives: (a) system performance
and vice-versa. Scheduler design for supporting a heterogenesu and (b) user level fairness. Numerous scheduling polidias (
mixture of real-time and non-real-time traffic is a relatively less both I-ti d L-ti ffic) h b
studied problem. We propose a “quasi-stationary” approach to ' Ot. real-time an .no_n-rea -time traffic) a}ve_ een proﬁpse
scheduling of hetergeneous traffic, which involves solving a sta- in literature that optimize one of the two objectives or avki
tionary infinite horizon stochastic shortest-path problem at each a suitable trade-off between them. See [4]-[9] and refergnc
scheduling instant. We thoroughly characterize the structural therein.
properties of the optimal control associated with the stationary Scheduler design for supporting a mixture of real-time and

problem, and leverage the intuition thus gained to construct a -ti traffic (het traffic) i e
low-complexity heuristic scheduling policy. We demonstrate the NOn-real-time traffic (heterogeneous traffic) is a reldgitess

efficacy of the proposed scheduler over benchmark schedulers Studied problem. The authors in [7] proposed theonen-
like the exponential rule via link-level simulations. tial rule, which is throughput-optimal and also provides low

Index Terms—Wireless networks, HSDPA, packet deadlines, average delay. Different weights or priorities are assigte
opportunistic scheduling, resource allocation, dynamic program- queues to achieve QoS differentiation. However, the asthor
ming. do not incorporate packet deadlines into their formulatitime
authors in [8] explicitly consider packet deadlines forltame
traffic. However, their choice of objective function to apize

The number of deployed wireless cellular networks cois driven by heuristics and no performance guarantees are
tinue to grow at a rapid pace. Apart from voice serviceprovided. To the best of our knowledge, a formal treatment
next generation cellular networks aim to provide a varietyf the scheduling problem for a mixture of real-time and non-
of quality-of-service (QoS) sensitive services like iafelive real-time traffic which explicitly accounts for packet déaes
multimedia and high-speed data for downlink subscribe}s [does not exist in literature.

However, stringent bandwidth and power constraints and theln this paper, we provide a first step towards a mathematical
unpredictable nature of the wireless channel render thigestreatment of the scheduling problem for heterogeneoufictraf
of such systems a challenging task. We approximate the scheduling problem by a sequence of

While second generation (2G) networks vastly benefitetationary infinite horizon stochastic shortest-path [@ois.
from advances in physical layer design principles (codingVe study the structural properties of the optimal controliie
constellation design etc.), eross-layer designmethodology stationary problem in a dynamic programming (DP) [11], [12]
has attracted much attention in recent years [2]. QoS aftdmework. We also develop a low-complexity approximation
channel aware packet scheduling is an important illusinatito the optimal control, which eliminates the need to exglici
of this design approach. Packet scheduling is going to plgglve the associated Bellman's equations. With the optimal
a significant role in enhancing the performance of high-dpeeontrol and its approximation at our disposal, we propose
downlink packet access (HSDPA), a technology introduced én quasi-stationaryapproach to scheduling, which involves
the 3GPP Release 5 specifications to provide high data raggplying the scheduling decisions of the optimal controliie
and QoS sensitive services on the downlink [3]. stationary problem to a “real” system. Our simulation resul

Based on their service requirements, QoS sensitive servigedicate that the resultant policy is able to provide sugi@m
can be broadly categorized asal-time (RT) and non-real- performance, with very little computational effort.
time (NRT). Both these service classes have very differ- o
ent bandwidth and QoS requirements. For instance, vided- Organization of the paper
conferencing, a real-time variable-bit-rate (RT-VBR) bqg In Section Il, we formally state the scheduling problem.
tion has a delay bound of 40-90 ms and an acceptable I09s construct a simplified stationary model in Section Ilidan

I. INTRODUCTION



describe the system dynamics under this model. We stuolyr disposal, we will adopt the following “quasi-statiopar
the optimal control for the stationary model and its streaitu approach to scheduling in a real system:

properties in a DP framework in Sections IV and V, and (a) Consider the “snap-shot” of the system at the beginning
demonstrate the optimality of a switch-over type policy. We of a scheduling instant.

develop a quadratic approximation to the optimal switch-(h) Construct a reduction of the “snap-shot”.

over curve in Section VI and propose a heuristic schedulingc) Apply the optimal scheduling decision for the reduction
policy in Section VIl. We evaluate the performance of the to the original system.

proposed scheduler via simulations in Section VIl and gtev

_ X X The parameters of the reduced model are updated and the
concluding remarks in Section IX.

three-step procedure is repeated at each schedulingtinagan
Il. PROBLEM FORMULATION we shall see later, the optimal policy for the reduced maslel i
he solution to a stationary infinite-horizon stochastiorgést

We consider the downlink of a time-division multi IexeoI " . :
(TDM) wireless communication system. Time is dividzd int ath problem. Thus, we will approximate the scheduling prob
' m (non-stationary in general) by a sequence of stationary

fixed size time-slots. There is one queue corresponding Poblems implying the nomenclature “quasi-stationayet
each downlink user at the base-station (BS). At the beg@wniﬁ » Imply % | N losel

of each time-slot, the BS schedules the head-of-line (HOEf now examine the reduced model more closely.
packet of a non-empty queue (if any) for transmission ®. The Real-Time Queue

the corresponding downlink receiver or mobile station (MS) The HOL packet inQ, is characterized by the time-to-

The_channel for each_ user exhibits random temporal a@Qpiry (TTE) of its associate deadline, denotediby NU{0}.
spatial fluctuations. While some queues hold real-time packgis 17 s derived from the differential deadiine iter-
associated with stringent deadlines, others hold nontieal packet deadlingIPD) of this packet relative to its departed

pacfkets which seek “best-effort’ jerwcef in terlins Olf gela%edecessor. For instance, if the receiver expects thikepac
performance. An instantaneous and error-free acknowle gm(caII it P) 4 time-slots after the previous packet (call i} Ras

indi_cating a successful/failegl transmission _(ACK/NAK) i een received, then the IPD of P relative to P’ is 4. If P’ depar
available to the BS on the uplink. The BS has ideal knowledgg 5 time_giots prior to the expiry of its deadline, P inherits
of instantaneous downlink channel conditions for all userg +1e of 4+2=6 time-slots when it comes to the head of the
Also, the BS is cognizant of deadlines associated with packgeye. with such a characterization, it suffices to keegktrac
in real-time queues an_d backlogs of_non-regl-tlme UEUES. ot only the TTE of the HOL packet for making a scheduling
Our goal is to design a scheduling policy which offerye ision rather than the absolute deadlines of all padkets
a “tunable” trade-off between the QoS experienced by the, o,eue. We also employed this notion in [9], [10] to study
real-time and non-real-time queues. In addition, we woulgh,qqjing of downlink real-time traffic. In the reduced rabd
like the spheduler to hgve desirable propgmes such as_l@xll stays empty once its HOL packet has departed, either due
computational complexity and a parsimonious characterizg g ,ccessful transmission or due to expiry of its TTE counte
tion. Given the multiplicity of problem dimensions and e ¢ o, rse, this is not true for the original system, where the
mance criteria, modeling and solving the scheduling probléye o rte packet is replaced by its successor in the queue. If

in its entirety is a mammoth task. Towards this end, We o et transmission fails, the packet is re-scheduled in a
explore mathematical models which capture the essence of I@ter time-slot, subject to deadline constraints. A cbst 0

scheduling problem, and yet, remain amenable to analysisiS incurred if the HOL packet misses its deadline.

[1l. M ODEL CONSTRUCTION C. The Non-Real Time Queue

A. A "Quasi-Stationary” Model The non-real-time queu@; is characterized by its backlog,
For most of this paper, we will restrict our attention to @enoted by> € NU{0}. In the reduced model, no new arrivals
system with two queues: a queue with real-time pack@ts ( occur to the queue, so that the backlog eventually reduces to
and a queue with non-real-time packe@]. Let us begin by 0. Every packet in this queue incurs a packet holding cost
looking at a typical configuration or “snap-shot” of the twoof ¢ > 0 for each time-slot it spends in the queue. The BS

queue system at the beginning of a time-slot. The “snap-shebntinues to re-transmit the HOL packet @ until it is

comprises ofQ; (backlogged packets with deadline), successfully received (stop-and-wait ARQ). Note that pack

(backlogged packets without deadlines), a time-multigtex can arrive arbitrarily toQ, in the original system. These

transmitter and downlink channels associated with the egleuarrivals are reflected in the reduced model, since its passie

Next, consider a reduced system based on this “snap-sheife updated at each scheduling instant according to the most

The reduced model is constructed by discarding all packetgent state of the original system.

other than the HOL packet of;, and retaining all other ) _

constituents of the “snap-shotWe will use this reduction D- Downlink Wireless Channels

as a canonical model for studying scheduler design We assume that the channel conditions in the reduced
We will concentrate on studying the optimal schedulingrodel are time-invariant or static. This static operatiminp

policy for the reduced system. With this optimal policy ais updated at each scheduling instant in accordance with



the channel variations in the original system. We denote Iigr n € N\{1}, b € N and
s; € (0,1] (z = 1,2) the probability of successful reception .
of a packet fromQ;, if it is scheduled for transmission. The V(1,b) = min{s;V(0,b) + (1 — 51)[V'(0,0) + A],

BS knows only the success probability associated with the $2V (0,0 — 1)+ (1 — s2)V(0,b) + A} + bc  (2)
downlink channels, and not the actual channel realizatﬁbnf( o . ) _
or 1), an assumption made in several papers like [6]. orn =1, b € N. To simplify notation, we define far,n € N:
E. System Dynamics a(n,b) = V(0,b) =V (n—1,b) — s1\[{,,—1}
Denote byP the admissible set of all non-idling, non- B(n,b) = Vin—-1b-1)—-V(n—10), )

anticipative and stationary scheduling policies for théueed

wherely, —;1 is an indicator function given b
model, and leP* € P be the “optimal” scheduling policy. We {n=1} ¢ y

will quantify our notion of optimality in the next sectionek I 1 ; n=1,
us first study the dynamics of the system under a candidate =710 ; n>1
policy P.

Let us denote thetate of the system by the two-tuple:, b). We can now compactly re-writ (n, b) as

The stateq0,b) and (n,0) correspond toQ; and Q, being V(n,b) = min{sia(n, b), s23(n, b)}+
empty respectively, and no scheduling decision needs to be * B ’
made. In stat€n > 0,b > 0), if P schedulesQ,, one of the Vi(n—1,b) +bc+ Mp—1y. (4)
following state transitions will occur: The behavior of the optimal policp* is completely governed
« n > 1: The transmission is successful with probabilityyy ~(n, b), given by
s1 and the new state i@, ). The transmission fails with
probability (1 — s;) and the new state i& — 1,b). V(n,b) = s1a(n, b) — s26(n, b). (5)
« n = 1: The new state is alway, b). The HOL packet |, particular,P* schedulesQ; in state(n,b) if 7(n,b) < 0,

of Q, misses its deadline with probabilih — s1), and 54 9, else. That isP* is fully characterized by theign of
a cost\ is incurred. ~(n,b).

If P schedulexQ,, one of the following state transitions will
occur: V. STRUCTURAL PROPERTIES OFP*

e n > 1: The transmission is successful with probabikty Having established the existence of a stationary optimal
and the new state i&1— 1,b— 1). The transmission fails policy, we now explore some of its structural properties. We
with probability (1 — s2) and the new state i&» — 1,b). begin with a key property of/(n, ).

« n = 1: The transmission is successful with probability | o ma Liy(n — 1,b) < v(n,b) < ~(n,b+ 1), that is,

s2 and the new state i), b —1). The transmission fails , (;, 1 is a non-decreasing function of both its arguments.
with probability (1 — s5) and a the new state {$),5). In

both cases, the HOL packet &, is dropped and a cost Proof: The proof is by mathematical induction. We omit

of \ is incurred. the details due to space constraints. [ ]

In all cases, a packet holding costlefis incurred. We say a scheduling policy € P is a switch-overpolicy
if there exists a non-increasing switch-over functionN —

V. DYNAMIC PROGRAMMING FORMULATION N U {0} such thatP schedulesQ, if b > ¢(n), and Q; else

Having described the system evolution under a typical cagadapted from [12]). By virtue of Lemma R* is a switch-
didate scheduling policy, we now use a dynamic programmirger policy.
formulation to compute the optimal polidy*. Irrespective of
the initial state, the system reaches #imsorbing statg0, 0)
with strictly non-zero probability, whereupon no furtherst . .
is incurred. Also, the total expected incurred cost is finite  Proof: P* schedule®, in state(n, b) if y(n,b) <0, and
Since the parameters of the reduced model are time-intariag2 elSe- From Lemma Iy(n, b) is a non-decreasing function
the scheduling problem for the reduced model is a stationdty/®- Thus, for fixedn € N (sayno), asb increases;(no,b)
infinite-horizon stochastic shortest path problem, forckhan €hanges sign atmost once (from negative to positive). & thi
optimal policyP* exists. The associatemst functionl/ (n,b) 2870-Crossing ofy(ng,b) occurs ath = ¢(ng), P* schedules

Theorem 1:The optimal packet scheduling poli®* € P
is a switch-over policy.

satisfies the followindBellman’s equations Q, in state (ng,b) for b < ¢(no), and Q, for b > @(no).
Also, from Lemma 1,y(n,b) is a non-decreasing function
V(n,b) = min{s1V(0,b) + (1 — s1)V(n — 1,b), of n. Thus, for anyn; > no the zero-crossing ofy(n,b)

$3V(n—1,b—1)+ (1 — s2)V(n—1,b)} +be, (1) Can occur no I.ater than thg zero—crpssingg_&@hmb), asb
increases. Equivalently)(n) is a non-increasing function of

IWe can use a dominance argument. Consider an admissible pelicy . By definition, P* is a switch-over policy. [ |
which always schedule®; if it is non-empty, andQs else. Starting in state . . « -
(n,b), Py has finite expected cost, upper boundec\ayben+cb(b+1) /2. Intuitively, for a fixedn, the “backlog pressure” increases

The total expected cost for the optimal policy can be no more. asb increases and eventually exceeds the “deadline pressure”.



At this point, the optimal policyswitchesfrom Q; to Q,. A. The statg1,1)

Similarly, increasingn for fixed b releases the “deadline px schedule®; in state(1, 1) if y(1,1) < 0, andQ, else.

pressure” until it succumbs to the “backlog pressure”, and grom (3) and (5)7(1,1) = s,V (0,1) — s;\. From Lemma
this point the optimal policgwitchedrom Q; to Q.. A typical 2, V(0,1) = ¢/s,. Thus, P* schedulesQ; in state(1,1) if

switch-over policy is illustrated in Fig. 1. ¢ < s1)\, and Q, else.
500 b0 0-00-0 b-d b-bd-0- B. Computingh*
b* | é}g é}g é}g é}g é}g é}g ggfg: P* scheduleQ; in state(1,b) if v(1,b) <0, andQ; else.
K& B0 G- -0 - -0 - -0 From (3) and (5)7(1,0) = s2[V(0,0) = V/(0,b — 1)] — s1A1.
o8O 0-00-00-00-00-00-0- Lemma 2 givesV(0,b) — V(0,b — 1) = bc/s2, and hence
SN 4 @g’gg’gg:g: ~v(1,b) = bc — s1A. Thus,P* schedulesQ; in state(1,b) if
b 5-00-60-6- ¢ < s1\, and Q, else. By definitionb* is the largest) for
OO O-00-0 - which P* schedulegQ; in state(1,b). Sinceb* is an integer,
> 6060 G0 - Y
OO 0000~ * _ | 214
ool oo we get v = | 7|
POYOR SO E
’/”/;’ S bbb C. Computingn . |
S ‘n R Let us assume that< s; \, that is,P* schedule®); in state

Switch—over curve * (1,1). If ¢ > 51\, n* = 0. SupposeP* schedulexQ; in state
(n,1). From Theorem 1P* schedule€; in all states(n’, 1)
Fig. 1. lllustration of switch-over policys ando denote the states, b) i~ with 0 < n’ < n. From (4), we havé/(n,1) = s,V (0,1) +
which is optimal to schedul®; and Qs respectively. The extremal points (1 _s )V(n -1 1) + ¢. SinceP* schedule; in state(n _
of the switch-over curveb* andn* are also depicted. L N . L=
1,1), V(n —1,1) is given by a similar equation in terms of

Here is a useful property of the cost functibh which we V(7 —2,1). Iteratively,

will use in the next section. ) e .
V(n,l) = (1_51)71— V(l, 1)—%—[1—(1—31)"* ] ( + ) )

Lemma 2: S1 So
(a) V(n,0) = (1—-s5)")\, ¥neN, By assumption,P* schedulesQ; in state(1,1). Thus, from
eb(b+1 (4) we haveV/(1,1) = (1 — s1)A + (1 4+ 1/s2)c. Substitution
(b) V(0,0) = (2#2)’ VbeN. yields:

/ n’ c c c /
=(1- -— ]+ —+—= <
Sketch of Proof:Both properties in Lemma 2 can be Vw1 ={1-s) <)‘ )+ * =" ©

proved by solving simple difference equations. In partacul By definition, n* is the largesta for which ¢(n) > 0, or

V(n,0) = (1-s1)V(n-1,0) equivalently,P* schedule); in state(n, 1). Thus,n* is the
V(0,b) = s3V(0,b—1)+ (1—s3)V(0,b) + cb, largestn, for whichy(n, 1) < 0. Recall from (5) thaty(n, 1) =

) - s1[V(0,1) =V (n—1,0)] 4 (s2 —s1)V(n—1,1). We substitute

along with the boundary conditionis(0,1) = (1 — s1)A and for V(0,1) andV (n—1,0) from Lemma 2, set/ = n* —1in

V(0,1) = ¢/s2. B (6) and finally lety(n*,1) < 0 to get the equivalent condition
V1. APPROXIMATING THE SWITCHOVER CURVE (1—s1)" '[sac+s1(s1A = ¢)] > s2c. Sincen” is an integer,
Recall that our three-step quasi-stationary approach to log(s2) — log s + s1(s1A\/c — 1)]
scheduling outlined in Section IlI-A entails solving Belimis = {1 + log(1 — s1) J .
equations given by (4) to obtain the optimal switch-over

curve ¢ at each scheduling instant. From an implementation Note that bothb* and n* are functions of\/c, that is,
perspective, this is not an attractive proposition. It isur@ they do not depend on the absolute values\ afr c. We will
to seek approximations t¢ which can be computed without hereafter refer to the quantity/c as theQoS ratio
explicitly solving Bellman’s equations.

Let us denote by(1,b*) the point of intersection of the D- Quadratic Approximation
optlmal switch-overp with the linen = 1. Also, let us denote  We will use a non-increasing quadratic curve passing
by n* the Iargestn for which ¢(n) is strictly positive. Thus, through the extreme poin{d, b*) and (n* + 1,0) to approx-
¢(n) =0V n>n*. The two extremal points are depicted inmate the switch-over curve obtained by solving Bellman’'s
Fig. 1. We will construct a quadratic approximatigin) of equations. A curve satisfying these conditions is given by
o(n), which passes through the poirits v*) and (n* +1,0), )
and is non-increasing. We will explicitly compui¢ and n* d(n) = b* (1 _ [” - 1] ) n=1... . .n* @)
in terms of the problem parameters, ¢, n, b). n* ’ Y




By definition, ¢(n) = ¢(n) = 0V n > n*. -
Since we know two points on the optimal switch-over curve,

we also explored the idea of a linear approximation, passing

through(1, v*) and (n* + 1, 0), with slope—b*/n*. However,

a quadratic fit was always seen to more accurate than a linear

fit. We demonstrate the efficacy of the approximation via a

numerical example.
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Numerical Example 1iet s; = 0.4,s0 = 0.6,¢c = 1, A\ =
100 (QoS ratio is 100). Themy* = [s1A\/c] = 40 andn* =
7. The quadratic approximation to the switch-curve is given
by ¢(n) =40 [ 1 — [

switch-over curves are depicted in Fig. 2 and are seen teagre Time to expiraion of deadine on HOL packet of @, ()
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Fig. 2. Exact and approximate switch-over curves for NumeBsample 1
VIl. HEURISTIC SCHEDULING PoLIcy

We have established the optimality of a switch-over policy As an alternative, we propose mairwise scheduling with
(P~) for a reduced stationary model constructed from a “snagnock-outstrategy: Construct a reduced model from a “snap-
shot” of the original system. In Section VI, we developednhot” of the original system, as described in Section Ill-
a quadratic approximation to the optimal switch-over curvg —spiit the K queues intokX/2 pairs randomly. Consider
Also, in Section IlI-A we outlined a three-step quasi-stairy 5 pair which comprises of queued; and Q,. If Q;is a
approach to scheduling which leverages the knowledg@’of real-time queue and2; is a non-real-time queue (or vice-
We now put all the ingredients together and propose a h&urisfersa), use policyI to choose one of them. If both queues
scheduling policy for the original system (described int®C are real-time queues, use the policy proposed in [9], [10]
I) with one real-time queued; ) and one non-real time queuewhich is a switch-over policy and permits a piece-wisedine
(Q2). We denote this policy byI. At the beginning of a time- approximation to the optimal switch-over curve) to selawe o

slot IT will examine the original system and: of the queues. If both queues are non-real-time queues, use
» Setn equal to the TTE of the deadline for the HOL packethe well-knowncu index rule to select one of the queues, with
of Q;, andb equal to the backlog 0. wi = 1/s;,p; = 1/s;2. Thus, half the queues get eliminated in

« Computes; and s, from the current downlink channel each round. The procedure is recursively repeated till tgxac
conditions in the real system. We assume that the BS harse queue survives. The HOL packet of the surviving queue
available a mapping from downlink SNR to probabilityis then scheduled in the original system.
of successful transmission for each queue. It can be shown that exactly’ — 1) pairwise comparisons

» Choose the QoS ratio\{c). The Qos ratio could be are required in the above strategy. Since each pairwise com-
chosen at the start of a session, and stay fixed thereafferrison has complexit® (1), the computational complexity of

o Computeb* andn* in terms ofsy, so, A, c. . the proposed scheduler@¥ K). We established the optimality
« Construct the approximate switch-over curgén), as of the pairwise strategy for real-time queues in [10]. The
given by (7). Schedul®; if b < ¢(n), and Q, else. optimality for non-real-time queues follows easily, sinae

The state of the original system is updated based on tiélex rule is used for pairwise comparison. We defer a simila
scheduling decision ofI. Say, the TTE of the HOL packet analysis for a system with heterogeneous queues to thesgjourn
of Q; is 6 time-slots and the backlog af, is 50 packets Version of this paper.

at the start of the time-slot. SuppoBE schedulesQ, in the
current time-slot, and the transmission is successfulo Als
new packets arrive t@, in the current time-slot. Then, for
the next time-slotn* is set to6 — 1 = 5 and b* is set to
50 — 1+ 2 = 51. The success probabilities and sy evolve
independently of the scheduling decisions.

VIIl. SIMULATION RESULTS

We restrict our attention to a two-queue system and focus on
evaluating the performance of scheduling polldydescribed
in Section VII. Packets with inter-packet deadliie € N
arrive to the real-time queu@; at a constant raté/ D, while
packets arrive to the non-real-time que@g according to a
A. Multiple Queues and Computational Complexity Bernoulli process with parameter € (0, 1]. We usepacket
drop rateandaverage delay per packas performance metrics
for Q; and Qs, respectively. Given the arrival rate and

; - . backlog ., the average delay is computed from
dimensional state-space and analyze it in a DP framewoﬂXer"f‘ge :
The analysis becomes quite cumbersome due the explosio#‘r'ﬁllIes law [12]. We use the ITU PED-A path profile (3kmph,

the Siz? Of_the state-spage, and it also very hard to develoﬂt is easy to establish the optimality of thg rule for choosing between
approximations to the optimal control. two non-real-time queues in the reduced model

What happens when the system hds> 2 queues? We
can construct a reduced model witki queues with akK-
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Fig. 3. Average delay per packet f@r, v/s packet drop rate foR;. Packets Fig. 4. Average delay per packet v/s packet arrival rateQgrat a packet
arrive at a constant rate of 1/3 @;. Average downlink SNR is same for drop rate 0.1 forQ;. Packets arrive at a constant rate of 1/339. Average
both queues. downlink SNR is same for both queues.

3 independent paths with Rayleigh fading) to simulate t@mplexity heuristic scheduling policy which can be easily
downlink channels, and assume that the mobile receivers &oplemented on the downlink of a cellular wireless system.
cumulate energy ideally from all multi-paths. For the puego We demonstrated via simulations that the proposed policy
of illustration, we use a simple mapping from the downlinkutperforms the benchmark exponential rule scheduler. An
SNR v to the probability of successful receptigngiven by attractive feature of the proposed scheduler is that it i®stic
s(y) =1 —exp(—dv), whered > 0. to packet arrival and channel statistics. Our ongoing resea
Fig. 3 depicts the trade-off between the QoS experienced ibyolves studying optimal scheduler design under more iggne
Q, andQ, under the proposed] and exponential rule sched-modeling assumptions, and investigating the interactibn o
ulers. As expected, a reduction in the drop rate of real-tinf@icket scheduling with other resource allocation issues li
packets results in an increase in average delay experienpeder and rate control.
by non-real-time packets, and vice-versa. We observelIthat
offers a better trade-off between the two objectives. Thddr _
off.curve for IT is generated by varying t.he QoS raﬂd_c, [1] gr.dll-!clélg?z%récé'A. ToskalaWCDMA for UMTS John Wiley and Sons,
while the trade-off curve for the exponential rule schedise 5] s. shakkottai, T. Rappaport and P. Karlsson, “Crossiagesign for
generated by varying the ratia /a2 (as defined in [7]). wireless networks”JEEE Communications Magazingol. 41, no. 10,
. Fig. 4 depI(.:tS the average delay. eXper.Ien.Ced by non_reﬂg] :soéglg,q‘(ﬁ,gjﬁps.pztg%ownlink packet access (HSDPA): divelescrip-
time packets inQ; when the operating point is chosen such™ ion, 3GPP, Sophia Antipolis, France, Tech. Spec. 25.3@8, 5.4.0,
that the real-time packets i@; experience a drop rate of 10%.
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