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Jointly Optimal Power and Admission Control for
Delay Sensitive Traffic in CDMA Networks With
LMMSE Recelvers
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Abstract—in this paper, quality-of-service (QoS) guarantees for (e.g., multiuser detection) with network layer optimization. In
multiclass code division multiple access networks are provided by [6] and [12], admission/access control algorithms for CDMA
means of cross-layer optimization across the physical and network networks employing multiuser receivers are proposed. The ap-

layers. At the physical layer, the QoS requirements are specified - . .
in terms of a target signal-to-interference ratio (SIR) requirement, proaches in [6] and [12] are fundamentally different. While [6]

and optimal target powers are dynamically adjusted according to focuses on potential gains that can be achieved through access
the current number of users in the system. At the network layer, control by taking advantage of real-time traffic burst activity
the QoS requirements are the blocking probabilities and the call detection, in [12], the emphasis is on optimal call admission
connection delays. The network layer guarantees that both phys- design for maximizing the network capacity (minimizing the

ical layer and network layer QoS are met by employing admission . - . 7N .
control. An optimal admission control policy is proposed based on blocking probability). The optimal call admission problem is

a semi-Markov decision process formulation. The tradeoff between formulated as a semi-Markov decision process (SDMP) with
blocking and delay is discussed for various buffer configurations. constraints on blocking probabilities and signal-to-interference
The advantage of advanced signal processing receivers is estabratio (SIR). It is shown that the optimal admission policy can be
lished using a comparative capacity analysis and simulation with 4etermined via a linear programming-based algorithm, and the
the classical scenario in which the system uses matched filter re- . . . .
ceivers. network capacity can be further increased if users requesting
connections are queued when resources are not available.
However, the approach in [12] optimizes only the network
layer performance, whereas the powers at the physical layer are
not optimally chosen. Furthermore, only blocking probability

. INTRODUCTION constraints are considered in [12] since the proposed framework

VER the past decade, both wireless communicatiof@es not allow the control of call connection delays generated
O and wireline multimedia have experienced tremendofy buffering. .

commercial success and growth. This increase in popularity for!n this paper, QoS guarantees for multiclass CDMA networks
both services has opened new challenges for the next generafitsh Provided by means of cross-layer optimization across the
of wireless networks, which are expected to provide ubiquitof§ysical and network layers. At the physical layer, the QoS re-
multimedia coverage with quality-of-service (QoS) guarantegirements are specified in terms of a target SIR requirement,
A promising technology for such networks is code division mund optimal target powers are dynamically adjusted according
tiple access (CDMA) due to its soft capacity characterizatioff the current number of users in the system. A closed-form
which allows a graceful degradation of the system performang@Pacity expression is derived for large CDMA systems using
as well as statistical multiplexing of streams with varied blfnéar minimum mean square error (LMMSE) receivers in mul-
error rates and delay requirements. In CDMA systems, QSBath fadlng channe!s and under |mperf¢ct channel estimation
delivery relies on interference management techniques suct?ﬁ@d't'ons- Our physical capacity analy3|§ shows that the max-
power control, multiuser detection, and access/admission c§RUM SIR that can be achieved for a particular class of users is
trol. While there is a substantial amount of literature concerndfited by the estimation accuracy of their channel link gain.
with each of these topics (e.g., [1], [2], [5], [9]-[11], [15], [16], At the network layer, we consider both blocking probabili-
[18], and the references therein), very few papers [6], [1§Fs as well as call connection delay constraints. The network

address the problem of interconnecting physical layer desigyer guarantees that both physical layer and network layer QoS
are met by employing admission control. An optimal admission

. . . . . control policy is proposed based on an SDMP formulation.
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. the mean duration ig;, j = 1, 2, ..., J. It is assumed that
Network layer ? Admission Control due to fast fading, the channel cannot be perfectly known, and
% it is characterized by its estimated average link gginand its
Physical layer estimation variancéf-, both of which we assume to be the same
for all users from an arbitrary clags The implicit assumption

for the channel model is that it is conditioned on the slower
fading (free space path loss and shadow fading), which does
not affect the received power over the time scale of interest.

Fig. 1. Optimization of network layer performance.

- The effects of slow fading are absorbed into the attenuated
Adm Control
Nehwlork‘layer ? ssion o transmitted power, which is defined as
v 1
Physical layer ? Power Control Pe=azPl,  k=1,2,....K (1)

where z;, is the path loss due to free space loss and shadow
fading, P} is the transmitted power, anid is the total number

of users in the system.

proposed framework can be extended to support multiple rateror 5 multipath fading channel with resolvable paths, we

users and average connection delay requirements. The ad@igiote by|h;|? the equivalent estimated average power gain,
sion policy is based on the SMDP formulation and consideygich is defined as
the interplay between blocking probabilities and delay require-
ments in a multiclass system. We show in this paper that if delay — 1o Lo _ ) )
is not of concern, blocking probability constraints can be sat- |hil* = Z el J=12...,J (2)
isfied for all classes of users, using a simple threshold policy =1
and appropriately selecting the buffer lengths. This suggeststhat - . .
the threshold policy may be a better option than the SMDP avf)/%erehﬂ replresents the average link gain for ftfepath for a
proach in [12]. The real advantage of an SMDP-based solutilcj)Ser in clasg, . o .
is that it provides more flexibility in achieving blocking proba- _nThe number of users n each class is limited by the admis-
bility/delay tradeoffs sion _control_ according to the current. syster_n state an_d the_ ad-
While implementiﬁg an optimal policy yields some perfor[mSS'on policy. Users that cannot be immediately admitted into
. ) 7 the system are queued using buffers of finite lengilig), j =
mance gains over other classical admission control approacriesz J
it can be seen that the most significant network capacity gainis™ "~~~
a result of advanced signal processing at the physical layer. It is
shown experimentally that using MMSE receivers roughly doul—”'
bles the network capacity for given network QoS requirements.In this section, we derive the asymptotic system capacity for
This is especially why it is so important to optimize the physica multiclass CDMA system using LMMSE receivers under im-
layer capacity by selecting appropriate target powers, accordipgrfect channel gain estimation. The analysis is based on large
to the current level of interference, which is in turn controlledandom matrix results for CDMA systems in fading environ-
by the admission control. ments presented in [8]. We start with the general expression
The paper is organized as follows. In Section Il, we introduder the SIR presented in [8] for a large system with random
the system model, whereas Section Il presents the asymptaficeading. Considering a multipath fading environment \ith
capacity derivation, and Section IV discusses the design for ttesolvable paths, the SIR achieved by an arbitrary user (say the
optimal admission control. Section V illustrates the admissidsth one) can be expressed as
control performance using numerical examples and compares
the results with classical approaches in call admission control. Lo+
Finally, some concluding remarks are presented in Section VI.

Fig. 2. Joint optimization across physical and network layer.

PHYSICAL LAYER CONSTRAINTS ASYMPTOTIC CAPACITY

= Py|hi|?B
SIR= —=1 — 3
1+ P&23 1+ P&23 3)

Il. SYSTEM MODEL AND ASSUMPTIONS
. . whereg is the unique fixed point irg0, that satisfies
We consider a single-cell, power-controlled synchronous g g P 10, o)

CDMA system, which supportg classes of users, character- -1

K
. . . . . 1 _
ized _by different target _SIRq-, different blocklng probablhty B=|o*+ = Z IF(L, B, €, [hi)?) (4)
requirementsP/, and different connection delay constraints N &~
E;,7=1,2,..., J. All signature sequences are independent,

randomly chosen, and normalized, having a fixed spreadingth I (L, 3, &2, |hi)?) = (L — DI(E2 Py, B) + I(Pe(€2 +
gain N. Multiple rates can be achieved using multicodes [17]kx|?), 3), andI(p, B) = p/(1 + pB).

and the admission control design can easily be extended tAs K, N — oo, 5 approaches a constant for all users. If we
account for multiple rate systems. Requests for connectiangpose the condition that the achieved SIR should;ber all
occur with rates);, 7 = 1,2,..., J and are Poisson dis-classj usersj =1, 2, ..., J (i.e., the minimum power solu-
tributed. The call durations are exponentially distributed, anibn is achieved with equality), and using the assumption that
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all users in the same class have the same channel charactariere

tics, it follows from (3) that all users in the same classust o2
have equal attenuated transmitted powers: Q1= P ! .
e; (1+v;
P, = 6 _ € (1—ne) (1 —X [(L — Dyjej+ S5t )D
= —— = — =
B2 = €2¢5) — BlRiP(L = wye) (13)
j=1,2,...,J (5) Since the transmitted power needs to be positive, and consid-
B ering (6) and (13), the system capacity is restricted by the power
wherev; = (£3/]h;]?). control feasibility condition
Since the powers must be positive ahd> 0, an immediate 5
i Ui i i (1 +v;
resultis tha{1l — v;¢;) > 0, and the maximum achievable SIR Z o e + €;(1+vj) <l (14)
IS le 1 —|— EJ'
ej < 1/vj, J=12, ..., (6) The flat fading channel case can be obtained by seftirg1.

] The above derivation can be summarized in the following the-
Denoting@; = |h;|*>P; for the classj of users and imposing grem.

the constraint that the SIR condition should hold with equality Theorem 1:In an asymptotically large CDMA system

(SIR; = ¢;), from (3), we can expres$ as (K; — 00, N — oo anda; = K;/N is constant) operating
€ ) with linear MMSE receivers in a multipath fading environment
B = m J=12 ..., J (7)  with imperfect channel estimation, a minimum received power
J VA

solution exists such that all users achieve their target SIRs if
Thus, for multiple classes of users, the following equalitgnd only if
holds:

1
€ < —
€i € - Ty
, Vi, j=1,2,..., J.
Qi(1 — ve;) Q]( — vj€j)
(8) and
Expressing the SIR condition for an arbitrary user in class 1, we J
have ZO‘ _1,,6+M <1
—~ J VA 1_|_€]_ :
1 L& Qv "~
o’ + N Z ((L -1) 1 ' '] 1 = The minimum transmit power solution for a user in class
j=1 k=2 +Qjv; Qj(1—e;vj) given by
—1 +
Q;(1+v)) €1 b=
+ 5 == 9 2
1+Qj(1+yj)7@j(1—(:]”j) Q1(1 — 1/161) €;,0

7 J €5 13 .
Using the notatiomy; = K,/N, i.e.,a; is the number of users  zi|h:[*(1 — vie;) (1 -2 [(L - Dvje; + ]§1+_J;]>D
per dimension, the equality in (9) becomes =1

The above results can be straightforwardly extended to account

9 J Q;jvj for multiple rates implemented using multiple codes. Each high
ot Z @i <(L -1 1+ Vj% rate user in clasg is assigned); signature sequences and
=t (=) transmits atl/; times the basic rate (obtained using the lowest
Q;(1+v;) -1 o spreading gainV). A high rate user is equivalent f virtual
+ J 1 = . (10) low rate users. Hence, the power control feasibility condition
1+ 1+ VJ)W)] Q:(1—re) can be easily adapted from (14) to be

Using (8), we have

ZM%{ )],+W <1 (15)

7t Z I ( Dries (= me)@/a wherea; = K, /N, andK; is the number of the clagsusers
physically present in the system.
Q1 (1 +v ) j—i jzue - €1 Theorem 1 illustrates the interdependence between the phys-
+1 F(1+v;) T = 01 (11) ical and the network layer performance. Referring to Fig. 2,
7 A=evi) we can see that the capacity conditions are passed to the net-
Hence, the transmitted power for user 1 can be determined Jyork layer, and we will see shortly that they will determine the
set of feasible system states used to select the optimal admis-
pt — Q1 (12) sion policy. On the other hand, the optimal power allocation
z1|h|? (13) depends on the number of the users (in different classes)

Q11 =)’
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currently admitted in the network. This information should be
passed along from the network layer to the physical layer suc
that appropriate target powers can be selected to optimize t
physical layer performance.

IV. NETWORK QOS: OPTIMAL ADMISSION CONTROL

While the previous section characterizes the system capac
from the physical layer perspective, the admission polic
must also take into account network QoS requirements such
blocking probability and average connection delay. We considt
the interplay between physical and network layer constrain
using an equivalent queueing system, as illustrated in Fig. :
The average connection delays and the blocking probabilitie

Power Control
Feasibility

can be derived using a queueing analysis. The service rate 1 .
each queue is varied by the admission control such that tt .

their target SIRs. The equivalent queueing problem consis

of J M/M/K;/B(j) queues B(j) represents the length of

buffer for queuej], j = 1, 2, ..., J, for which the service

rate depends on the current number of connections [su™ — " .I.III

that «; = K;/N satisfies (14)], as well as on the current B()

number of calls waiting for connection (according to delay ant

blocking constraints). We can formulate the admission contrc

problem as an SMDP under the assumption that the followin_

Markovian properties hold [13]. _ _ _
« Given the current decision time, when actiis chosen in Fig- 3. Equivalent queueing system.

statei, the time until the next decision epoch and the state at the o ) )
next decision epoch depend only on the present state and ont&Ce: the decision epochs, the action space, the state dynamics,

current chosen actiom and are independent of the past histor?nd the performance criteria (cost and probabilistic constraints).
of the system. The State Space

« The costs incurred until the next decision epoch also depend! "€ ]statg of each queyes characterized by the number of
only on the current state and chosen action usersn;(t) in the queue at time, ¢t > 0, and the number of

The optimality criterion for an SMDP is the long-run averag&erVersn:(#) at timet (which is equivalent to the number of
connections admitted for clag$. Thus, we define the state of

|
|
|
|
]
|
power control feasibility holds, and hence, all users can me: . |‘II
|
|
{
|
|
|
|
|

cost per unit time. He
SMDPs can essentially be solved by considering an equifd€ System at decision epotlas

lent discrete time average cost Markov decision process using a L L ) ) ; ;

process called uniformization [4]. As a consequence, algorithmé‘(t) = [ng (1), n5 (1), ng (), ni(X), ..., ny (1), ni(H)]. (16)

such as policy iteration, value iteration, and linear programmirr%q .
(LP) can be used to provide solutions for the SMDP problerg!Nce the arrivals and departures of users are ranftofty, ¢ >

We are particularly interested in the LP approach, which allo/)¢ represents a finite state stochastic process. The state Xpace
us to introduce easily optimization constraints such as mdg-comprised of any state vectoysuch that SIR constraints can

imum allowed connection delays and/or blocking probabilitie§€ Met:
An SMDP is completely characterized [13] by the following.

J N
- .. i 7
* Pxy(a) = Fhe probablllty that. at th.e next decision epoch the x _ xinl < B(i), i=1,2, ..., J5Z EAJ- <1y @7
system will be in statg, if actiona is selected at the current = N
statex.

* 7x(a) (sojourn time)= the expected time until the next deyyhere we use the notatiory = (L — 1)v;¢; + (e;(1+v;)/(1+
cision epoch after actioa is chosen in the present state ¢))-
For a multirate, multicode system, the state space is alterna-

=(a) > 0, Vxe X, ac€ Ay tively defined as

where X represents the state space, ahdrepresents the X =
admissible action space. T Moni
* ¢(x, a) = the expected costs incurred until the next decision {x:n’ < B(i),i=1, 2, ..., J; Z M A< (18)
R K A q = ’ ’ I ’ ) N ] =
epoch after actioa is chosen in the current state =1

In order to model the admission problem as an SMDP, we pro-
ceed to define the main constituents that characterize it: the stateere A ; has the same expression as before.
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Decision Epochs

2035

« e represents a vector of dimensiad containing only

Every time a new user arrives and requests a new connection, zeros except for the positid&t{i — 1) + 1, which contains
and any time a departure occurs, the state of the system changes. a 1;x+e{! is equivalent tx; 4 [1, 0] and maps an increase
Since these changes in the system state should affect the admis- in the queue of classusers by 1.
sion process, we choose the decision epochs to be the set of alb e} represents a vector of dimensidd, containing only

arrival and departure instances.
Action Space

At each decision epoch, an actiafis chosen that determines
how the admission control will perform at the next decision mo-

zeros except for the positi@t: — 1) 4+ 2, which contains a
1, x+e€f is equivalent tex;+[0, 1] and maps anincrease in
the number of servers for clasgsers (number of admitted
users) by 1.

ment. The action vecteris state dependent, and its components Derivations ofpxy (a) and7y(a) rely on the statistical prop-

depend on the type of event: arrival or departure. In general,
tion a at decision epochis defined as

a(t) =

[af(t), af(t), a5(t), a5(t), ..., a5(t), a5(t)] (19)

wherea{ denotes the action for queud an arrival occurs, and

&cties of the arrival and departure processes, which are Poisson
distributed and mutually independent. It follows that the cumu-
lative process is also Poisson, and thus, the cumulative event rate
is the sum of the rates for all constituent processes. It should
be mentioned that arrivals that are blocked do not constitute an
event such that the cumulative process includes only the un-

a¢ denotes the action for queuef a departure occurs, which blocked arrivals, which are also Poisson distributed with rate

are defined as follows:

0; maintain the number of servers
a for queue:

A;(1— P}). Hence, the interevent time.(a) (the expected so-
journ time) can be defined as the inverse of the event rate

<.

increase (by 1) the number of servers
for queues
decrease (by 1) the number of servers

J J
(@) = > Naf + > Ni(1—af)
=1 =1

-1
for queuei . . J :
i 1; maintain the number of servers S(B(i) = ny) + Z HiTls - (22)
=1

for queuei.

The action space can be defined as the set of all possible actidrgiation (22) can be interpreted as follows: The embedded
chain always changes state when an arrival occurs unless

the arrival is blocked (the queue is full, and no new servers
are allocated for that particular queue); in addition, it always

The action space must be restricted for a given stage X ~ changes state when a departure occurs.
such that the selected action will not result in a transition into 10 derive the transition probabilities, we use the decompo-
a state that it is not allowed (not i&). In addition, we restrict Sition property of a Poisson process: An event of certain type
the admissible action spa¢d,) such thafl /= (a) > 0,Vx € Occurs (e.g., arrival clags departure clasg with a probability

X, a € Ay. More specifically, we impose the condition thagdual to the ratio between the rate of that particular type of event
(a%, a%, ..., a%) # (0,0, ..., 0) if the system is in state = a_n_d the total_(_:L_JmuIative event ratéry(a). Hence,_the tran-
(0,0,0,0,...,0,0). If this is not true,7(a) = oo for this Sition probabilities for the embedded Markov chain are deter-
particular configuration, which would result in the system beinigined to be

foreverinstatx = (0, 0, 0, 0, ..., 0, 0). Thus, the admissible

action spacei, can be defined as Pxy(a) =

A={a:ac{0,1}* i=1,2,..., J}. (20)

( \:q® . TIN s
Ac={a€A:at=0if x+(0,0,...,0,1,...,0,0) ¢ X AiaiTx(a); | if y = x+ef
v Ai(1—a®)6(B(i) — n? ify =x+ef
and(af, a3, ..., a%) #(0,0,...,0) pini adr (a); fy = x— o .
if x=1(0,0,0,0,...,0,0)}. (21) ini (1 — ad)r(a)
. +uiniad(l—6(ni))mx(a); fy=x—ef
State Dynamics pingag ( (ng))<(a) y X e
L 0; otherwise.

The state dynamics of an SMDP can be characterized by the
transition probabilities of its embedded chain and the expected

sojourn time for each state-action pair [4].
We define the following notation:

0; =0
§(z) = ' 1;‘ z > 0.
* x; = [ng, n;] represents the state vector for classers,

Optimal Policy: Linear Programming Approach

For any given state € X, an actiom is selected according
to a specified policyR. A stationary policyR is a function that
maps the state space into the admissible action space, where the
class of admissible policies can be defined as

such that the state vector for the system can be expressed

asx = [X1, X2, ..., Xj].

Ry o = {R|R: X — Ay, 1/7%(R) > 0}. (24)
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According to [4], an average cost criterion for a given policy When probabilistic constraints are imposed, the optimal
R and an initial state, can be associated with the SMDP:  policy becomes a randomized policy: In each state, an
. action a is chosen randomly according to a probability
Jn(x0) = lim lE / o(x(t), a(t)) dt b . (25) Ta(X) = Ux,a/ Y aeca, Ux,a- The randomized policy can
T—o0 0 be specified as a Matri®y ;.. x), dim(a,))’ with each entry
given asR*(i, j) = =;(i). The 81 j)th entry for matrix R*

An optimal policy R* that minimizes an average cost Critepresents the probability that actignis selected when the
terion Jr(xo) for any initial statex, exists under the weak system is in state. The matrix R* is determined offline,
unichain assumption. The weak unichain assumption requiegsd the admission control randomly chooses actions at each
that the average cost optimal policy has no disjoint closed sefgcisions epoch, according to the corresponding probabilities
but the class of transient states can vary from policy to policdyom matrix R*.
and nonoptimal policies may have multiple disjoint sets [13].  Cost Functions and Network QoS

In (25), c(x(t), a(t)) can be interpreted as the expected cost The network layer performance measures are the blocking
until the next decision epoch and will be selected to meet the ngtobabilities,P/, j = 1, ..., J (which reflect the system ca-
work layer performance criteria, as will be discussed in the ngx4city) and the average connection deléys j = 1, ..., J.
section. An optimal policy for the above defined SMDP procesgore specifically, we determine the admission control policy
can be determined using a linear programming approach. Tigh that network QoS requirements for all admitted users can
optimal policy R*(x) € Rx,a, x € X can be obtained using be met. The network QoS requirements are given as
the decision variables,.,, x € X, a € Ay, which are obtained

by solving the linear program associated with the SMDP [13]: { Pl <W;, j=1,...,J 28)
J W;<Z;, j=1,...,J.
Jnin > > Z Bici(x, a)ux,aTx(a) We now discuss how to select the cost functiefs a) and
ZEY xeX aed. i=l d'(x, a), such that the optimal policy can be obtained using the

_ _ linear programming approach previously outlined.
subject to the constraints

Blocking Probabilility

2; Uya — 2;( Z; Pxy(@)txa =0, yeX In [12], the authors proved that the blocking probability can
acdy xER Aty be expressed as an average cost criterion for a similar system

and setting. Therefore, in this paper, we just give an interpretation
Z Z UuxaTx(a) =1. (26)  ofthe cost expression for the blocking probability for our partic-
x€X a€A, ular framework. The expression obtained for the blocking prob-

A heuristic explanation [13] for (26) is to interpret..mx(a) 35!:31;5 similar to that in [12], and the proofin [12] applies

as the steady-state probability of being in statend choosing

. D . .~ Acallfromclasgj is blocked if the queue is full and the action
actiona (for an aperiodic Markov chain). Hence, the objective o ) . o
. N . Selected:? is zero. We can thus define the blocking probability
function is to minimize the long run average of the cost functi J

0 J : . T
per unit time. The first constraint in (26) can be interpreted rl?)r class; ?S the fraction (Z,f time the system Is in some sgbset
. . . T_lstatesX = {x € X: n? = B(j)}, and the chosen action
a balance equation, and the second constraint requires thatthg bset of th ]d issibl " ke
sum of the steady-state probabilities should be equal to 1. 'j |'n saoTeosulsée of the admissible action spafe= {a €
The coefficientd; represents the weighting of the cost func=">" a5 = 3 [23]
tion for a particular class. i
The optimal policy for the admission control can be con- Py = Z 7x(a)

structed as follows [13].

* Vx, choose any* such thatu,,- > 0; then set the op- 1 T "

timal policy for statex to be R*(x) = a*. = /0 (1 = aj(1))

o If uxa > 0Va* € Ay, arbitrarily choosex*, and then, set
the optimal policy for state to be R*(x) = a*.

As we will see shortly, for our purpose of meeting QoS re- (1= 8(B(5) — (1)) Tx(r) (alt)) dt} - (29)
quirements in terms of blocking probabilities and average delay
constraints, it is very important to be able to solve a constraingstpression (29) represents the cumulative average blocking
optimization. The linear programming approach allows us to irobability. We can then obtain an expression for the expected

troduce very easily probabilistic constraints related to some &jocking probability until the next decision epoch, when action

pected cost functions(x, a) [13]: a is chosen in current state
> d(x a)uxarx(a) < C (27) c(x, a) = (1 - a§)(1 = §(B(j) — nl)). (30)
x€eX,acAx

To minimize a weighted sum of blocking probabilities for all
whereC is a fixed value constraint. users in the system, (30) gives the expected costin (26). Further-
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more, blocking probability constraints can be met by selectirsgibject to the constraints

(%, a) = (1 —a})(1 = §(B(j) — nj)) andC = ¥, in (27). Z " Z Z B
ya pxy(a)uxa - 07 y € X

AverageDelay acdy x€X atdx

As opposed to the blocking probability, the average connec- Z Z uxaTx(a) = 1.
tion delay cannot be expressed as an average cost criterion. xeX acA,
However, we will show that a combination of cost functions can " )
be used to ensure that the QoS requirements in (28) are met for Z (1—af)A = 6(B() - n;’))
all users if the requirements are feasible. x€X, a€Ax

The average connection delay can be expressed using a “UxaTx (@) < U5, j=1,...,J,
queueing analysis for the equivalent system in Fig. 3. The delay : _
expression for a particular clagds given by Little’s theorem Z njuxaTx(a) < EjA;(1—Wj),
as a function of the average number of calls in jtie queue x€X, € Ax
Ng the arrival rate\;, and the blocking probability for class ji=1 ..., J (36)

J B The optimal solution obtained by solving (36) minimizes both
N the blocking probabilities (a weighted sum for all classes) as
W, = —~24—. (31) well as the average delays, subject to the network QoS con-
Ai(1=Py) straints in (28).

Proof: The first three equations in (36) represent the stan-
dard linear programming solution for an SMDP formulation to
obtain an optimal admission control policy that minimizes a
certain average cost function. This cost function is selected ac-
cording to our previous discussion such that the weighted sum
ﬁf blocking probabilities for all classes of users is minimized.

Moreover, we already showed that the last two constraints in
(36) reflect the network QoS requirements in (28), which are
expressed in the equivalent form (34). .
Therefore, the network QoS requirements can be reformu-.V\./e now show that minimizing the bIoc_kl_ng probab|_I|t|B§
lated 1o be Mminimizes the average dele: over all policies that ;at|sfy the
network QoS constraints. Without loss of generality, we con-
{ ij <, =1, sider an arbitrary clagsfor which the network QoS constraints

The delay restrictions imposed in (28) for a clas¥ users can
be rewritten as

NI <E;0(1-P)). (32)
Sinceij < ¥, is also required, (32) is guaranteed to be met

NI < EjA(1-T5). (33)

. 34) are satisfied, and we denafe = =;);(1 — V), such that
Ni <Ep)(1—1y), . (34) o5 = Zi4( i)
| e 37)
The average number of calls in the queue can be expressed as Ai(1—=P))

an average cost function by selecting the expected cost until thgrpe optimal admission policj?*, determined as a solution
next decision epoch to be to (36), yields a minimum blocking probabilit?/ " for class

. j over the set of all possible policies that satisfy the QoS con-

c(x, a) = ng. (35)  straintsR,.:

Hence, to determine an admission policy which satisfies the re- P = }g%i}? P} (R). (38)
strictions in (34), constraints on both the blocking probability ‘

and on the average number of queued call requests must be}imnce,plj* < ij(R), VR € R,, and given (37), we have that
posed. The last ones can be obtained by selecting a) = n{l

andC = E;0;(1 — ;) in (27). W;-(R*) < 0 — < 0i ——,  VRER.
As a consequence, we can formulate the following proposi- Ai(L=F) — A1 = Bl(R)) (39)
tion.

O

Proposition 1: An optimal admission control policy can be . . . _ . -
roposition 1 gives the optimal admission policy that mini-

determined as a solution of a constrained linear programmin blocki babilit q del d tai
optimization, such that the network QoS requirements in (2 £€s blocking probabilities and average delays under certain

can be guaranteed for all users if the system is feasible. ™ t_vvork QOS_ requirement_constr_aints. Ho_we_ver, the a(_jmission

linear program can be formulated as follows: policy exists if the system is feasible, that is, if f(_)r the given ar-
rival rate for each class, the network QoS requirements can be

met for the given buffers’ dimension. As we will see also in the

J
min Z Z Z 0:(1 — af) numerical results section, not all buffers’ configurations result
ux,a>0 g . . . 1 . .
e xeX acAy, i1 in a feasible solution. The buffers’ dimension is thus a param-
acdx eter of the optimization being closely related to the blocking

(1 —=6(B(i) — n}))ux,a7x(a) probability. In case of infeasibility, the linear programming can
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be reformulated for different buffers’ configurations. We will The implementation of the admission control is transparent
present a numerical example in the next section. to the multicode implementation. The only difference resides in

There are also cases in which the arrival rate is simply taefining the state space according to (17) or (18), which are, in
high, and no buffers’ configuration can be found to accomméact, equivalent fod = N/N..
date the network QoS requirements. Theoretically, we can deaWe now discuss experimental results obtained for a multicode
fine a maximum arrival rate per class that can be supported ystem withV = 128, where each user transmits usihg= 16
the network such that QoS requirements are met. This represenigdes. The equivalent spreading gaifvis= 8.
the network capacity. However, due to the dynamic program-The arrival and departure rates for calls in classes 1 and 2 are
ming approach that we used for designing admission controlsilected to be; = 1, A = 0.5, 11 = 0.25, andps = 0.1375,
is hard to determine analytically what the network capacity igespectively. The target SIRs for both classes:are ¢, = 10.
The solution is to try to solve the LP optimization with increas- For the simulations, the channel parameters are chosen to
ingly lower arrival rates until the system becomes feasible. Ligg |42 = 1 for the estimated average link gaif? = 0.05
us denote by} the network capacity determined using this trigfor the link gain estimation variance, add= 1 (flat fading).
and error procedure for an arbitrary clgssSSince); > A7, the  According to the considered channel model, and given (6), the
final blocking probability requirements have to be relaxed, anghieved SIR can be at mast< 1/v; = |h|?/¢% = 20. Toen-
the resulting blocking probability for clagswill be hance the system capacity, calls that cannot be accepted in the

; P system immediately are queued using buffers of finite lengths
By = Bp; (40) B(1) and B(2), respectivel
, y.

The optimal policy for each experiment is obtained using a
o . . linear programming (LP) optimization. For each numerical ex-
In other words, the admission control policy will be selecte mple, a randomized optimal stationary poligy is obtained,

asa solutpn FO an LP formulat.n.)n with a Iowgr arrival rate which is then used for simulations. The average call connection
such that it will meet the specified QoS requirements for thgej1

wherep] =1 — (\5/);)).

arrival rate. The above discussion on the design of such optim ays are obtained from simulations, averaged over 10000 call
. g . ; . gnot PUM&{uests. The blocking probabilities can be obtained both as a
policy directly applies, with the only difference being that fur- o2 ) . .

. . . result of the LP optimization, as well as from simulations im-
ther action is needed to reduce the arrival rate, and the final a'(?i
mission control will be implemented in two steps. To reduce the
arrival rate from initial rate\; to A}, a higher level admission
control will be implemented as follows.

Before requesting a new call connection, each user in 9‘Ias0 5 0.1 q del for cl 1 and 2 tivel
will run a Bernoulli trial experiment with a probability of suc-L """ = , and average delays for class 1 and 2, respectively,

cesy’ =1 — pl. In case of success, the request for conne®. = [2.5, 0.67]. As in Section IV, the delay constraints are

tion iSalll”gEide; otherwise, the call is automatically rejected. Th?guivalently expressed as constraints on the average number of
$§'s in the queuas = [2, 0.3]. We run the LP optimization

ensures that the rate of call connection requests is reduced‘o rsd'fferent buffer confiaurations. As discussed in Section IV
x j ; Catriby 1 i u igurations. iscu i i i
A% = plami» and the Poisson distribution of the call conned: Y

tion requests is preserved. some configurations are infeasibB: = [1, 1], B = [1, 2],

After the call connection request has been made, the calls= [1; 31, B = [2, 3], andB = [3, 3]. The network perfor-
admitted or rejected according to the previously discussed dpance is summarized in Table I. The first four columns repre-

timal admission policy, based on the SMDP formulation. sent the blocking probabilities and average number of queued
calls obtained from the LP optimization. The last four columns

represent simulation results. We can see that all four buffer con-
figurations result in admission policies for which the imposed
The performance of the proposed call admission control is (oS requirements are met.
lustrated for a two-class system having equal high transmissiorAn interesting observation is that, as opposed to the case
rates corresponding to an equivalent spreading gain= 8. in which only blocking probability constraints are considered
If N. = 8 is the actual spreading gaitVj, we expect that (as in [12]), buffer dimensioning cannot be implemented inde-
the asymptotic approximation used for deriving the system gaendently for each class. For the case in which no delay re-
pacity will be loose. In [8], it was shown experimentally thatuirements are specified, lower blocking probabilities for both
the asymptotic approximation is fairly accurate for systems ermlasses can be obtained if the buffer lengths are increased at
ploying a spreading gain on the order df = 128. As the the expense of an increased call connection delay. This can
spreading gain decreases, it was shown that while the achiebedllustrated by a simple example (see Fig. 4) in which only
average SIR remains close to the theoretical values, the variatit@minimization of blocking probability is considered, and no
increases, thus increasing the uncertainty of obtaining a spetglay constraints are enforced. The cost function for the LP is
fied target SIR. the sum of the blocking probabilities for both classes (equally
Alternatively, the equivalent spreading gd\h = 8 can be weighted).
obtained using/ = N/N. multiple code transmission, and a We can see in Table | that when delay constraints are im-
higher spreading gaifv = 128. Using a higher spreading gainposed, increasing the length of the buffer for class 2 (the most
will ensure the accuracy of the asymptotic approximation, awmigtlay sensitive class) lowef%’ butincrease®,. This is a con-
it is therefore more suitable for higher rate users. sequence of the fact that class 2 users are more delay sensi-

emented using the obtained optimal policy.

In the presented experiment, we determine an optimal ad-
mission control policy such that network QoS constraints are
et: blocking probabilities for class 1 and 2, respectiviy=

V. NUMERICAL EXAMPLES AND COMPARISONS
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TABLE |
NUMERICAL RESULTS FOR THECASE WITH DELAY AND BLOCKING PROBABILITY CONSTRAINTS

B p} nl p? 72 | P! -sim. | P? -sim. | delay 1 | delay 2

[2,1] | 0.1865 | 0.6865 | 0.1 0.1880 | 0.1797 | 0.1040 | 0.8349 | 0.4037

[22]| 02 |[0.8283|0.0598 | 0.3 0.1881 0.0585 | 0.9706 | 0.6177

[3,1] | 0.1645 | 1.1655 0.1 0.1847 | 0.1656 | 0.1022 | 1.3718 | 0.4027

[3,2] | 0.1855 | 1.3702 | 0.0533 | 0.3 0.1907 | 0.0573 | 1.6654 | 0.6383

Delay1
Delay2

B(1) 11 B(2)

(©) (d)

Fig. 4. System performance when no delay constraints are enforced. (a) and (b) Blocking probabilities for class 1 and 2, respectively. (c) aagk(d) Aver
connection delay for class 1 and 2, respectively.

tive, and by increasing their buffer length (and correspondingbacity for the matched filter system, we rely on the SIR formula
decreasing their blocking probability), their service has to esented in [8]:

sped up as well, so that the delay constraints can be met. The B

most delay-sensitive class (class 2) is an expensive class since PS> [h|*6 —

. . . . . .. ~ =1 Pk|h’k|2ﬁ

increasing its share of capacity (lower blocking probability ob SIR, = _ (41)
tained using more buffering) affects the performance of all other 1+ P&ip 1+ P&ip

classes in the system. whereg is the unique fixed point iff0, co) that satisfies

A. Multiuser Detection Performance Gain !

K
1 _
=|o*+ = L — D)I(E2P)+1(Pr(&F+h|?
We compare the capacity of a network using Iinearmultiuserﬂ Nk:2(( &P+ I(Pi(Ci+ el )))

receivers with the classical scenario in which all users have con- (42)
ventional matched filter receivers. To derive the asymptotic caith 7(p) = p.
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: ! ! T [— MF. L=t TABLE I
: = m; t=g NUMERICAL RESULTS FOR THECOMPLETE SHARING POLICY
1F NG s .............. ............ ol ge LMRASE, L=1
: : i | & LMMSE, L=3 1 2
-©- LMMSE, L=5 B Py B delay 1 | delay 2

[2,1]1 | 0.1109 | 0.1892 | 0.4595 | 0.6017

[2,2] | 0.1352 | 0.1118 | 0.5414 | 1.1026

[3,1] | 0.0758 | 0.1857 | 0.6289 | 0.6144

[3,2] | 0.0782 | 0.2019 | 0.6297 | 0.6385

[3,3] | 0.1146 | 0.0891 | 0.9051 | 1.7118

. . . ) [5,3] | 0.0844 | 0.1059 | 1.5627 | 2.0285
Fig. 5. Physical layer capacity comparisons: MF versus LMMSE.

[5,1] | 0.0395 | 0.2234 | 0.9824 | 0.7031

Using a similar derivation as in Section lll, the asymptotic
system capacity for the matched filter case can be expressed as
On the other hand, a threshold policy may be designed to
LI/J +1 . .
Z € < 1. (43) somewhat accommodate performance constraints for different
L —wje; classes of users. For this particular example with two classes of
In addition, the minimum transmit power solution for a useSers, we partition the resources between the two classes such

in classi is given by that blocking probability constraints can be met. To this extent,
1 .02 we first consider the most demanding class: class 2. In order to
P! = e : ; . fairly compare the results, we impose the same blocking proba-
zilhil I—ve) (1= 2 aje f"f,tl bility constraints as the ones considered for the optimal policy:
J=1, j#i [0.2, 0.1].

In Fig. 5, we present asymptotic physical layer capacity com-According to (14), the total number of users that can be ac-
parisons for LMMSE and matched filter systems for two class€gpted in the system for the considered numerical valuksds
of users wher, = {1, 3, 5}. We can notice a very signifi- K1 + K> = 8. We wish to findK; andK, such that’} < 0.1.
cant gain in capacity when LMMSE receivers are used. THir fixed K5 and B(2), we have anVl/M/ K>/ B(2 ) queue,
has a great impact on the network capacity as well. We illugnd the blocking probability can be computed as [3]
trate this by simulating the simplest example when no buffering KKz, B(2)
is allowed (the delay is zero). The spreading gain is chosen to P = pg% (44)
be N. = 32. All other numerical values are chosen to be the 2
same as in the previous experiments. The cost criterion is set@erep2 = A2/K»pu2, andpy is the probability of an empty
maximize the weighted sum of probabilities for the two classégieue and no one in service:

(equal weights are considered). After optimizatiof,= P? = . 1 Kot B(2) -1
0.5585 is obtained for the matched filter case, wher@gs= “ g i 2/)2)” ZZ (Kap2)" 1
2.9647 x 10~4, andP? = 2.7601 x 10~* is achieved for the 70~

~ K2| K2(n—m)
LMMSE case. Thus, the achieved LMMSE network capacity nene
is {1, A2} = {0.9997, 0.4998}, compared with{\;, A2} =

{0.4415, 0.220 75} for the matched filter case.

(45)
The average connection delay experienced by calls in class 2
can be expressed as
B. Comparisons With Classical Approaches in Admission p2Fo

Wy= ————~— (46)
Control Aao(1— p2)

On a final note, we compare the performance of the pramerer,, is the probability of queueing, which is defined as
posed optimal admission policy with two classical approaches

in call admission control: the complete sharing policy (see, for P )K K bB) m 47
example, [6]) and the threshold policy (see, for example, [10]). Q= po ZK P (47)

The complete sharing policy accepts users in the system when-
ever the SIR condition can be met for all users, including th&e note that both the blocking probability and the delay de-
new call requesting connection. This policy cannot control theend onk, and B(2); therefore, they cannot be optimized in-
blocking probability or average connection delay. The obtainel@pendently. If we fixK, and B(2) for a given constraint for
performance is simply characterized by the statistical propéhe blocking probability, the delay is also automatically fixed to
ties of the traffic. Results for the complete sharing policy athe value computed from (46). However, if delay is not of con-
presented in Table II. cern, a specified blocking probability can be obtained for class 2
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S B@)=1
& B(@2)=2

\ .
5

K

[

Fig. 6. Threshold policy. Blocking probability for class 2.

TABLE Il

NUMERICAL RESULTS FOR THETHRESHOLD POLICY

B p} P2 | delay 1 | delay 2
[2,1] | 0.3325 | 0.1132 | 1.3461 | 0.2340
[2,2] | 0.3404 | 0.0654 | 1.4325 | 0.4983
[3,1] | 0.3053 | 0.1154 | 2.2313 | 0.2342
[3,2] | 0.3040 | 0.0742 | 2.1936 | 0.5359
[3,3] | 0.2999 | 0.0505 | 2.1757 | 0.8041
[5,31 | 0.2748 | 0.0540 | 4.1355 | 0.8135
[5,1] | 0.2722 | 0.1046 | 4.0970 | 0.2282

| -0~ B)=3

VI. CONCLUSIONS

In this paper, we have proposed joint optimization across the
physical and the network layer to provide QoS in a multiclass
CDMA network. Our proposed approach integrates admission
control with power control and multiuser detection such that an
optimal admission policy can be obtained, subject to physical
layer QoS constraints (SIR targets) as well as network layer QoS
constraints (admission delays and blocking probabilities). We
have characterized the physical layer QoS by deriving the power
control feasibility condition for an asymptotically large system
under imperfect channel estimation for a multipath fading
environment. We have shown that the maximal SIR that can be
achieved for a particular class of users is limited by the estima-
tion accuracy of their channel link gain. Optimal transmission
powers for all classes of traffic have been jointly determined.
Network layer constraints have been incorporated using an
equivalent queueing system. The optimal admission policy
has been obtained using linear programming as a solution to a
semi-Markov decision process formalism. We have validated the
analytical results by simulations, and the tradeoff between delay
and blocking probability has been discussed for various buffer
configurations. We have also emphasized the performance gains
achieved using LMMSE receivers by providing comparisons
with a classical scenario in which all users have conventional
matched filter receivers. Further, the performance results (de-
lays and blocking probabilities) for the proposed admission
policy have been compared against two classical approaches for
admission control design: the complete sharing policy and the
threshold policy. It has been shown that, as expected, both the
complete sharing policy and the threshold policy are suboptimal
and lack flexibility in guaranteeing the desired QoS.
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