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Abstract— In this paper, we study the relative roles of optimal
pricing and call admission control (CAC) in network revenue
performance optimization from a network provider's perspective.
We consider a multi-class loss network where each traffic cks
has a differentiated quality of service (Qo0S), as charactézed by a
per connection bandwidth, and an associated static chargmprice
which decides the volume of the service demand. We formulat@
framework that views pricing and call admission control (CAC)
as two stages of a unified call level resource allocation press,
and subsequently study the impact of pricing and CAC both
analytically and numerically.

We show that both an optimal pricing and an optimal
CAC can improve the performance, and the optimal pricing
plays a significant role. Moreover, in large networks with many
small users, the performance resulting from the greedy CAC
and its corresponding optimal pricing approaches the upper
bound performance asymptotically, and more complicated jot
optimization of pricing and CAC does not provide an additional
performance gain.
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I. INTRODUCTION

designed without the context of an optimal CAC. For example,
independent optimizing the price for each traffic class ¢ead
to high demand and high blocking, but choosing a higher
price could simultaneously increase the value per conmecti
and reduce the demand. Moreover, because a CAC policy
can control the relative blocking of different traffic class
pricing design considering the CAC impact may improve the
network revenue performance. Therefore, it is importanis®
sound pricing and CAC policies in order to achieve an optimal
network performance, and this is the subject of our research
presented in this paper.

We observe that, fundamentally, both pricing and CAC aim
to improve the performance via a two-stage network resource
allocation process. In the first stage, a network pricingcyol
takes effect to influence the traffic received, or seen, by a
network. Which of this traffic is accepted into the network is
decided in the second stage by a CAC policy. As a result, we
formulate a pricing and CAC policy pair as a two-stage call
level network resource allocation scheme. To our knowledge

In this paper, we study the relative roles of optimal pricinguch a unified two-stage formulation of the impact of pricing
and call admission control (CAC) in network performancand CAC on network control and optimization is new. In line

optimization from a network provider’s point of view. Wewith such a characterization, we first present our taxonomy
consider a multi-traffic-class capacity-limited networkase of network resource allocation schemes concerning various
performance objective is to maximize the long term revenugricing and CAC combinations. Subsequently, we examine the
Each traffic class has a differentiated quality of service$¥) interplay of pricing and CAC organized by such a taxonomy.
which is characterized by a per connection bandwidth. Eatfe present our theoretical and numerical performancetsesul
traffic class also has an associated static charging prisiehw of the various resource allocation schemes under different
decides the volume of the service demand (i.e., arriva) raté&raffic scenarios, and discuss the implications of theseltes
where the service demand decreases with an increasing pric&he remainder of this paper is organized as follows. In
In order to optimize performance, a network provider has tigection I, we review the related research. In Section I, w
freedom to set a sound pricing policy (i.e., the rule to s@resent our problem formulation and define a taxonomy of
prices) and to apply an intelligent CAC policy (i.e., theeulthe resource allocation schemes and their performances. In
to accept or reject a connection request) for network cantr@®ection 1V, we develop propositions that identify the riglat

In a multi-class differentiated services network, conitest ships of the various performances as defined in Section IllI.
of different traffic classes have different values to thevoek In Section V, we describe our computational methods to these
in terms of revenue per bandwidth per unit time. Hence, gerformances. We then give numerical examples in Section VI
greedy CAC (i.e., accept all connection requests when theally, Section VII concludes the paper and addresses the
unused bandwidth is available) may not be optimal. Onbjirections of future work.
accepting high value connections may not be optimal either
since it may leave unused bandwidth. Meanwhile, the selecti Il. RELATED WORK
of the prices is not trivial. Prices may not be optimal if tfeeg Network CAC research was introduced in the late 1980s
optimized for each traffic class independently, or if theg amand its objective is to achieve a performance gain through an



intelligent CAC policy, see [1]-[3]. A trivial baseline CAC number of dollar signs the willingness to pay. Consequently
policy is calledgreedy (aka, complete sharingplicy, mean- in our formulation, the optimality of a static pricing pojic
ing a network always accepts a connection request whenewaticates aroptimal stationary volume of traffic arrivals for a
there is available bandwidth. In contrast,dgnamic CAC particular CAC policy, whereas the optimality of a CAC pwglic
policy bases its acceptance or rejection of a connectiame®q is for the underlying prices. Thus, our formulation allows
on both the available bandwidth and the system state at #hgoint consideration of pricing and CAC for performance
decision time. In the previous CAC research, the value ofaaalysis.

connection, as characterized by the price, is given and .fixed

. . . $35$
The corresponding CAC solution does not consider whether —
these underlying prices can be optimized. ss o [Pricing s | CAC) ss

Network pricing research was introduced in the early 1990s ) Policy Policy
and its key idea is to use a sound pricing policy as an ) —) )
efficient, viable and fair way to adjust demand on network R—
resources. The pricing research can be broadly classifted in . )
two categories which areprice-based bandwidth allocation ! |
andprice-based volume contrdlVith aprice-based bandwidth Potential Traffic ' Traffic Requesting Service  Accepted Traffic

aII_ocatlon gl\./en. thet capacity _constralnt, a pr|c_|ng pollcy IS. a Fig. 1. The effects of pricing and call admission control on
price vector indicating the price for each traffic class, athi network traffic

in turn decides the obtained transmission quality, charact
ized by the bandwidth per connection, see [4]-[10]. While =
some methods eliminate congestion via a proper bandwiqg'é
assignment subject to the capacity constraint (e.g., H), [
some others allow congestion and the network will blo
traffic of the lower-priced class(es) and accept the traffic
the higher-priced class(es) in case of congestion (e.g,, [g
[5]). In contrast, with aprice-based volume controh price

policy is a price vector indicating the price for each Clas%’onnection leaves the system with no retries

which in turn determines the obtained transmission quaratit We note that, a dynamic pricing can subs.ume a dynamic
volume, characterized by the connection arrival rate. Tthes CAC. At any s{ate in which CAC would block arrivals. a
price is one crit?cal factor in _det_ermining the _number Ofms_edynamic pricing policy can set the state’s price to infinity
requesting service at a certain time. Meanwhne., the barithwi leading to a zero arrival rate and subsequently a zero bigcki
per connection is assumed to be given and fixed. In sucthg,napijity as is done in [11], [12]. Nevertheless, conelsin
context, botrstatic (or state-independent) prici@pddynamic i an optimal static pricing, an optimal dynamic CAC in our

(or state—d(_ependent_) pripir_uye studied, see [11]-{14]. In CaS&amework allows congestion and intelligent blocking. lar o
of congestion, astatic pricingassumes a greedy CAC policy

dd der th il ; ot view, the combination of an optimal static pricing policydan
and does not consider the potential congestion controttsfie, dynamic CAC policy possesses a practical advantage over a

pf any inteIIigent.CAC. In contrast, dynamic pricingglway_s dynamic pricing policy. With a dynamic pricing policy, more
mc&reases tr;_e prices to reduce the amount of traffic arvalife action of users at a connection setup phase is regirired
reduce or eliminate congestion. order to relay the current optimal price. As a result, uséw o
[1l. PROBLEM FORMULATION dynamic pricing need to dynamically reassess their witliegs
A. Pricing and CAC models _to pay. In contrast, the op_er_atlon of a dynamic CAC pqllcy is
) _ . internal to a network and it is transparent to users, whiah ca
We adopt theprice-based volume controlith a static

o , , , significantly simplify the network services offering.
pricing policy, and we assume dynamic CACpolicy. We
do not address the issue of price-based bandwidth allecati§- Network and traffic models
Rather, the bandwidth request for each traffic class is fixedWe currently consider a single link network with a link
which indicates the corresponding QoS class. The numberagipacity C, and a set of different traffic classes for a user
users requesting service is dynamic, and dypamic CAC to choose from and the traffic class index is in the set
policy is used for the accept or reject decision. 7 = (1, ...,I). We assume that traffic of each class arrives
Moreover, we model pricing and CAC as two stages a@fccording to a Poisson process and the service times are
a resource allocation process, where a pricing policy tffe@xponentially distributed. Each traffic class Z, is charac-
the connection requests received by a network, and a CA&ized by a fixed price per connectian, a transmission rate
policy affects the way that a network handles the receivédandwidth),z;, a mean arrival rate);, and a mean service
connection requests, as illustrated in Figure 1. In thisréigu rate, ;. As in early works, we also call a classsonnection
the arrows represent potential connection requests, amd #hclass: call, and they are assumed to have constant bit rates
width of the line represents the required bandwidth and tl€BR).

urthermore, we assume the CAC decision is only with

pect to the bandwidth demand of an incoming connection,
nd a CAC decision is per connection, rather than per packet.
0 queueing of incoming connecting requests is assumed. The
etwork collects an immediate revenue that is equal to the
rice charged to the incoming connection if it is accepted,

and collects no revenue if a connection is rejected and the



The price per call for each traffic clagsis determined pricing. We also letr** denote the optimal CAC policy given
by a pricing policy. According to the economic theory oran underlying arbitrary pricingy®, as expressed in (3).
consumer demand (see [15]), we assume the ¢lassnection

arrival rate, \;, is a function of such a static pricing, i.e., ul, = argmax R(u, 79) )

Ai = Ni(u;) > 0, where \;(+) represents a continuous and “

strictly decreasing known arrival (i.e., demand) function 7% = argmax R(u®, 7) 3)
sy

0<u < Ui, maz with /\1(0) < oo and )\i(ui7ma$) = 0. We
also assume no demand substitution effect among differenFurthermore, we define a pair of joint optimal pricing and
traffic classes in this work. CAC based upon Proposition 1 and 2 developed below

C. System state definition Proposition 1: There exists a finite upper boung;, such
The system is dynamic due to the dynamic arrival affjatB(u,m) < R*,Vu € U, vx € 11. In addition, there e>:|_sts

departure of connections. We define the system state to B0t necessarily unique) pair of pricing,.;, and CAC,t*/,

the combination of the system configuration (i.e., the numbgtch that,

of caII_s of ea}ch class in the _system) and the transition- (u:*j’ﬂ_*j) — argmax R(u, 1) = R* (4)

triggering traffic events. In particular, we let; denote the u,m

num_ber of_ ongoing glasfsc_alls in the system. Therefore, the Proposition 2: The pricing and CAC of a policy pair

configuration space is defined as follows. (u*.;,77), as defined in (4), are optimal with respect to each

I other, that is:
N = {n = (n1,...,ng)] Zniwi < C}
i=1

uk., = argmax R(u, ) (5)

We also assume that the number of state transitions within
a finite time interval is finite and there is only one traffic etve

taking place at any instant. Let denote a1 x I) unit vector Consequently, we call*., and=*/ thejoint optimalpricing
whosei'" element equals to and other/ — 1 elements equal gnq cAC. "

to 0. Subsequently, the event space can be expressed belowice computingR* may be difficult, we seek a simple
wheree; and—e; denote the arrival and departure of a classyound on the performance, denotedag,. Specifically, we

7 = argmax R(u%.;, ) (6)

call, respectively. defineR,;, to be the maximal revenue performance assuming
0— { wlwe {+e;), ic I} all arriving trafﬂc_ls admitted mtq the system without bikireg, _
and the system is only constrained by the average load being

Due to the finite capacity constraint and the finite numbé#ss than the capacity. In other words, the loss probatsiliti
of traffic classes, the system is assumed to constitute & finft; = 0 for i € Z. Thus, Ry; is only a function of the prices
number of states given by: but independent of CAC. Let; denote the expected number
of classs calls in such a system when the arrival rate\js
S= {S =(nw)[neN, weQ, andw # —e; if n; = 0} for i € Z. According to Little’s Theorem in [19a; = A;/jui.

D. Performance objective Consequently,

I
Li=0,icT = ngxz Ai(ui) wi  (7)

=1

Our performance objective is to maximize the long-term
average revenue under a pricing and CAC policy pair. Let
L; denote the long term average loss probability of class-

R,p = max R(u, )

calls resulting from a dynamic CAC policy, then the longater subject to
average revenue with a static pricing policy can be exptesse 1
in a simple form as following: Zm z; <C where n;=X\/u; (8)
I i=1
=1 I . . _
1 \i(u)u; ,  if (8) is satisfied,
E. A taxonomy of resource allocation schemes Ryp(u) = { g;z_l () ot%e)rwise. 9)

We useld = {u | u; € [0,%maz, ¢ € Z} andIl =
{7} to denote the set of all pricing policies and the set of all
CAC policies, respectively. We also denote the set of awera
revenue performances ¥ = {R(u,n) |u € U, w € II}.

We letu® denote ararbitrary pricing, and letr? denote the
trivial greedy CAC policy. Additionally, we let.*, denote the Uyp = argmax Ryp(u) (10)
optimal price vector with respect to the greedy CAC policy
w9. We express it in (2) and called it thgreedy optimal  Proofs for Proposition 1 and 2 are omitted for space reasons.

Subsequently, we denote the optimal prices to obfajp
uy, and express it in (10). We also calf, the optimal
pper bound pricing



Using the defined pricing and CAC policies, we now define
a set of performances concerning various pricing and CAC
combinations as follows:

Af(1—L;) is the successful transmit rate, foe Z. The
number of clasg-calls in such a system is a random
variable n}, and we denote its mean ag. Since at
any time,> . nf z; < C, we have) ,n; z; < C.

Ry = R(u®,79) R = R(u®, 7*?) According to Little’s Theorem in [19]\/* = p; 7.

Ry = R(ut,,m9) R: = R(ut,, m9) Thereforen and \;* form a feasible solution of the
‘ upper bound problem (7). Consequently,

Ry = R(u.;,m) R} = R(ul.;,m7)

I I
Ry = A (1= Li)ufes = 3 A ube;
=1 =1
whereR, is the long-term average revenue with the arbitrary ) Based upon the above results in step [1-4], the result
pricing and the greedy CAC policy? represents the average follows. Q.E.D.
revenue With_the arbitrary pricing but the correspo_nd_ing-op Next, we address the performance relationship in large
mal C,(‘;\C policy; andR;, R}, R2, R; and R, are similarly networks with many small users.
defined.

Rup = Rup (U’Zb) < Ru

Definition 1: Consider a base system whose capacity and
arrival rates are”’, and \;, for i € Z, respectively. We define

In this section, we address the relationships of varioasscaled systento be a network whose capacity (% = s C
performances that are defined in Section IlI-E analyticallgnd arrival rates arg; 3 = s A;, for i € Z. We also define the
First, we establish the performance relationship in a g#nelimiting regimeto be such a scaled system whénr- oo.
network.

IV. ANALYTICAL RESULTS OF PERFORMANCE PROPERTIES

Such a limit regime represents a network where there are
many small users and the system capacity is large compared to
the bandwidth requirement of each user. Accordingly, we use
Ri3, R} 5, R5 5, Rub,p to represent the corresponding values
for the scaled system, and establish the following relatigm

Proposition 3: Given the performance valud®,, R;, Rj,
R; and R,;, as defined in Section IlI-E, we have

Ry < Ry <Ry <R;<Ru (11)

Proof Proposition 4: In the limiting regime of a large system with

1) Let LY denote the loss probability of classalls with  many small users, we have:
the greedy CAC. Per our definitioRy = R(u®, 79) and
Ry = R(u%,,m9), whereu® is any arbitrarily selected

1 1
lim —Rj; 5= ﬁlim —Rupp
— 00
price vector, and g

1 1
lim —Ry = lim —Rj 5=
f—oo B 7 B—oo B

B—oo 3
Proof

As we noted in Section Ill, our performance upper bound
R, andR; are the same as the upper bound performance and
optimal static pricing performance, respectively, as aefim
[11]. According to Theorem 7 in [11],

Ruyp =B8R

*

ur, = argmax R(u,79)
u

I
= argmaxz Ni(ui)ui(1 — LY)
1=1
If Ry > Ry, thenu?, can not be the optimal price vector
associated with the greedy CAC, which is contradictory

to the assumption. Therefori®, < R;. lim lRl 5> Rup
B—oo 3 R “

2) Per our definition,Ry = R(ul,,79) and R} =
R(uky,7*9). If Ry > RF, thenn*9 can not be the Additionally, according to our Proposition 3, we have
optimal CAC associated with the greedy optimal pricing, X X
. . . < < <R,
u*,, since it achieves a worse performance than the Fuip < Rip < R < Runp
greedy admission control policyt?, given thatu?, Therefore, the result follow<Q.E.D.
is applied to both cases. This is contradictory to the V. COMPUTATIONAL METHODS
3 2ssumpt|3n%_T?eref2rEi SszT d P ition 1 In this section, we address the methods to compute the
) R?;?;;L EJTIVISTV’R; 'IThereI"O?QR*{pgerR* FZpR(g;I 0N % various revenu-e perf(?rrnances defined in Section IlI-E.
4) When the joint optimal price vectors.,, and the A. Greedy optimal pricing

corresponding optimal CAG;*/, are applied, we denote  With our static pricing model, if a trivial greedy CAC

class¢ calls’ arrival rate as\; = \;(u’.;) and the
corresponding successful transmitted traffic rat&;as=

policy is assumed, we can compute the corresponding call
blocking probabilities analytically using the method ir6J1
Then we can apply a multi-dimensional optimization techeiq

2R; = R* is renamed for a clear presentation of the structure of o4H maximize the performance objective expressed by equatio

taxonomy.R; and R,;, are the same as the performance value ofojgmal

static pricing policyand theupper bound performanceespectively, as defined

in [11].

(1) with respect to the price vectar. Thus, the resulting
optimal price vector is the greedy optimal pricing,, .



B. Optimal dynamic CAC VI. NUMERICAL EXAMPLES

Per our system state definition in Section II-C, #&t) := In this section, we present the results of our numerical
gnl (),...,n1(t),w(t)) be the state of the system at time Studies obtained using the methods described in Sectionev. W
he state transitions’and control selection take placesatete first define a base system, which resembles a small network,
times, but the time from one transition to the next is randam, @nd we then scale the base system to evaluate the performance
CAC policy can therefore be modeled as the solution to a serfil-l1arger networks as a function of the scaling factor.
Markov decision process (SMDP) problem, see [1]-[3]. We Specifically, f_or the base system, we assume t_he _total
assume a deterministic CAC policy. Therefore, an admissigfmPer of traffic classed = 2, and the link capacity is
control policy can be defined by a mappifg= (fi, ..., fr), C = 10. We also assume the bandwidth requwements_of class-
where f; — {0,1},i = 1,...,I, and f;(s) takes the valu® 1 and c_Ias§ trafflc arex; = 6 andzy = 1, respectively,
or 1 when an arriving class-connection request is rejected®d their service rates agg, = 0.167 and up = 0.0167,
or accepted, respectively. We model such a policy as tﬁgd't'on?”y' we assume that the connection arrival raje
solution to a continuous-time average reward SMDP problefri- 1 2: iS @ linear function of the price; charged for class-
and solve it using the dynamic programming (DP) methoo%‘?‘"S' as expressed in (14). This model satisfiescoatinuous

see [17], [18]. The details of this approach are omitted f@ndstrictly decreasingassumptions for traffic arrival functions
space re’asons. as stated in Section IlI-B, and we skt; = 2, k12 = 1.6,

/{271 =2 and k272 =1.6.
C. Joint optimal pricing and CAC

It is challenging to find the joint optimal pricing and , _ , ., ., _ ki1 .
CAC (i.e. u¥., and 7*7) analytically. This is because it is A= Ailw) = kia = kizui, wi €10, kio X iel
generally difficult to express an optimal CAC policy and the (14)

corresponding optimal price vector in closed forms. For the We then scale the network capacity and the traffic load
cases where the number of traffic clasééssmall, e.g/ < 2, Simultaneously using the method specified in Definition 1
we can solve such a problem through a brute-force discrééh a scaling factorg, for 3 = 1,2,..,10, and evaluate
approximation. Specifically, we can first generate a pri¢e grthe respective performance & s and i ;. To obtainR, g

that covers the entire price ranffeu; ,mq.],7 € Z, with a fine and Rj 5, we first identify the corresponding price vectors,
granularity. Next, we can simulate the optimal CAC policizs. Using the corresponding methods in Section V and the
for each price vector via the DP method. Subsequently, tRetimal dynamic CAC policy. Subsequently, we simulate over
price vector and the CAC policy corresponding to the resglti 3 x 109 test traffic events (i.e., call arrivals and departures) to
maximal performance point are the joint optimal pricing anélenerate the result ok, s and R} ; of one test. We repeat

CAC, namely,u*.; andr*. each test ten times and use the mean values as the simulated
performance results. The standard deviations for the sited|
D. A performance upper bound revenue performance results are less than 10~%. We then
For the performance upper bound formulated in Section Iiplot the performance gap, defined ’%l_fl'ﬁ x 100%, as a

E, the values ofR,, and u;, can in general be solvedfunction of 3, with the solid curve in Figure 2.
numerically via a multi-dimensional constrained optintiza

technique. When the arrival function is differentiable ¢adi- *of
tion satisfied by the linear arrival function expressed b4) (1 sl %
in Section VI), this is also a standard optimization problem K%
that can be solved using Lagrange multipliers. Writing the T .
Lagrangian function as < wof K%
I A ( ) %507 \\\
() g .
Q= Z Ai(ui)ui —p (Z % -0) (12) 8 ol .
i=1 i=1 8 I
wherep is the Lagrange multiplier. s Tl
Set 9< = 0, then we have: 8l el
10F -"-~--__;
. pxi Ni(wg) \
ui’Ub o i B )\; (uz) (13) io“ ;o‘ 10°

Scaling Factor
For any given arrival functiony, (u;) andX}(u;) are known,
so that the Lagrange multipliep can be solved through
inserting (13) into the constraint function (8). Subsediyen
uf . and R,; can be readily computed via (13) and (7),

i,ub

respectively. Next, we examine the asymptotic performances of the scaled

Fig. 2. Performance Gaps betweé&] 8 and Ry g,
and betweerR,;, 5 and R 5 '
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