
Pricing versus Admission Control

in Multi-class Loss Networks
Qi Wang and Timothy X Brown

Department of Electrical and Computer Engineering
University of Colorado at Boulder

Boulder, Colorado 80309–0425
Email: {qwang, timxb}@colorado.edu

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 class
has a differentiated quality of service (QoS), as characterized by a
per connection bandwidth, and an associated static charging price
which decides the volume of the service demand. We formulatea
framework that views pricing and call admission control (CAC)
as two stages of a unified call level resource allocation process,
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 joint
optimization of pricing and CAC does not provide an additional
performance gain.
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I. I NTRODUCTION

In this paper, we study the relative roles of optimal pricing
and call admission control (CAC) in network performance
optimization from a network provider’s point of view. We
consider a multi-traffic-class capacity-limited network whose
performance objective is to maximize the long term revenue.
Each traffic class has a differentiated quality of service (QoS),
which is characterized by a per connection bandwidth. Each
traffic class also has an associated static charging price, which
decides the volume of the service demand (i.e., arrival rate),
where the service demand decreases with an increasing price.
In order to optimize performance, a network provider has the
freedom to set a sound pricing policy (i.e., the rule to set
prices) and to apply an intelligent CAC policy (i.e., the rule
to accept or reject a connection request) for network control.

In a multi-class differentiated services network, connections
of different traffic classes have different values to the network
in terms of revenue per bandwidth per unit time. Hence, a
greedy CAC (i.e., accept all connection requests when the
unused bandwidth is available) may not be optimal. Only
accepting high value connections may not be optimal either
since it may leave unused bandwidth. Meanwhile, the selection
of the prices is not trivial. Prices may not be optimal if theyare
optimized for each traffic class independently, or if they are

designed without the context of an optimal CAC. For example,
independent optimizing the price for each traffic class leads
to high demand and high blocking, but choosing a higher
price could simultaneously increase the value per connection
and reduce the demand. Moreover, because a CAC policy
can control the relative blocking of different traffic classes,
pricing design considering the CAC impact may improve the
network revenue performance. Therefore, it is important touse
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 pricing policy
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,
such a unified two-stage formulation of the impact of pricing
and CAC on network control and optimization is new. In line
with such a characterization, we first present our taxonomy
of network resource allocation schemes concerning various
pricing and CAC combinations. Subsequently, we examine the
interplay of pricing and CAC organized by such a taxonomy.
We present our theoretical and numerical performance results
of the various resource allocation schemes under different
traffic scenarios, and discuss the implications of these results.

The remainder of this paper is organized as follows. In
Section II, we review the related research. In Section III, we
present our problem formulation and define a taxonomy of
the resource allocation schemes and their performances. In
Section IV, we develop propositions that identify the relation-
ships of the various performances as defined in Section III.
In Section V, we describe our computational methods to these
performances. We then give numerical examples in Section VI.
Finally, Section VII concludes the paper and addresses the
directions of future work.

II. RELATED WORK

Network CAC research was introduced in the late 1980s
and its objective is to achieve a performance gain through an



intelligent CAC policy, see [1]–[3]. A trivial baseline CAC
policy is calledgreedy (aka, complete sharing)policy, mean-
ing a network always accepts a connection request whenever
there is available bandwidth. In contrast, adynamic CAC
policy bases its acceptance or rejection of a connection request
on both the available bandwidth and the system state at the
decision time. In the previous CAC research, the value of a
connection, as characterized by the price, is given and fixed.
The corresponding CAC solution does not consider whether
these underlying prices can be optimized.

Network pricing research was introduced in the early 1990s
and its key idea is to use a sound pricing policy as an
efficient, viable and fair way to adjust demand on network
resources. The pricing research can be broadly classified into
two categories which are:price-based bandwidth allocation
andprice-based volume control. With aprice-based bandwidth
allocation, given the capacity constraint, a pricing policy is a
price vector indicating the price for each traffic class, which
in turn decides the obtained transmission quality, character-
ized by the bandwidth per connection, see [4]–[10]. While
some methods eliminate congestion via a proper bandwidth
assignment subject to the capacity constraint (e.g., [6], [8]),
some others allow congestion and the network will block
traffic of the lower-priced class(es) and accept the traffic of
the higher-priced class(es) in case of congestion (e.g., [4],
[5]). In contrast, with aprice-based volume control, a price
policy is a price vector indicating the price for each class,
which in turn determines the obtained transmission quantity, or
volume, characterized by the connection arrival rate. Thus, the
price is one critical factor in determining the number of users
requesting service at a certain time. Meanwhile, the bandwidth
per connection is assumed to be given and fixed. In such a
context, bothstatic (or state-independent) pricinganddynamic
(or state-dependent) pricingare studied, see [11]–[14]. In case
of congestion, astatic pricingassumes a greedy CAC policy
and does not consider the potential congestion control effects
of any intelligent CAC. In contrast, adynamic pricingalways
increases the prices to reduce the amount of traffic arrival to
reduce or eliminate congestion.

III. PROBLEM FORMULATION

A. Pricing and CAC models

We adopt theprice-based volume controlwith a static
pricing policy, and we assume adynamic CACpolicy. We
do not address the issue of price-based bandwidth allocation.
Rather, the bandwidth request for each traffic class is fixed
which indicates the corresponding QoS class. The number of
users requesting service is dynamic, and thedynamic CAC
policy is used for the accept or reject decision.

Moreover, we model pricing and CAC as two stages of
a resource allocation process, where a pricing policy affects
the connection requests received by a network, and a CAC
policy affects the way that a network handles the received
connection requests, as illustrated in Figure 1. In this figure,
the arrows represent potential connection requests, and the
width of the line represents the required bandwidth and the

number of dollar signs the willingness to pay. Consequently,
in our formulation, the optimality of a static pricing policy
indicates anoptimal stationary volume of traffic arrivals for a
particular CAC policy, whereas the optimality of a CAC policy
is for the underlying prices. Thus, our formulation allows
a joint consideration of pricing and CAC for performance
analysis.

Pricing CAC

PolicyPolicy

Potential Traffic Traffic Requesting Service Accepted Traffic

$$$$

$$$

$$$$

$

$$$$

$$$

$$$$

$$$

$$$$

$$

������������

Fig. 1. The effects of pricing and call admission control on
network traffic

Furthermore, we assume the CAC decision is only with
respect to the bandwidth demand of an incoming connection,
and a CAC decision is per connection, rather than per packet.
No queueing of incoming connecting requests is assumed. The
network collects an immediate revenue that is equal to the
price charged to the incoming connection if it is accepted,
and collects no revenue if a connection is rejected and the
connection leaves the system with no retries.

We note that, a dynamic pricing can subsume a dynamic
CAC. At any state in which CAC would block arrivals, a
dynamic pricing policy can set the state’s price to infinity
leading to a zero arrival rate and subsequently a zero blocking
probability, as is done in [11], [12]. Nevertheless, combined
with an optimal static pricing, an optimal dynamic CAC in our
framework allows congestion and intelligent blocking. In our
view, the combination of an optimal static pricing policy and
a dynamic CAC policy possesses a practical advantage over a
dynamic pricing policy. With a dynamic pricing policy, more
interaction of users at a connection setup phase is requiredin
order to relay the current optimal price. As a result, users of a
dynamic pricing need to dynamically reassess their willingness
to pay. In contrast, the operation of a dynamic CAC policy is
internal to a network and it is transparent to users, which can
significantly simplify the network services offering.

B. Network and traffic models

We currently consider a single link network with a link
capacityC, and a set of different traffic classes for a user
to choose from and the traffic class index is in the set
I =

(

1, ..., I
)

. We assume that traffic of each class arrives
according to a Poisson process and the service times are
exponentially distributed. Each traffic classi ∈ I, is charac-
terized by a fixed price per connection,ui, a transmission rate
(bandwidth),xi, a mean arrival rate,λi, and a mean service
rate,µi. As in early works, we also call a class-i connection
a class-i call, and they are assumed to have constant bit rates
(CBR).



The price per call for each traffic classi is determined
by a pricing policy. According to the economic theory on
consumer demand (see [15]), we assume the class-i connection
arrival rate,λi, is a function of such a static pricing, i.e.,
λi = λi(ui) ≥ 0, whereλi(·) represents a continuous and
strictly decreasing known arrival (i.e., demand) functionfor
0 ≤ ui ≤ ui,max with λi(0) < ∞ and λi(ui,max) = 0. We
also assume no demand substitution effect among different
traffic classes in this work.

C. System state definition

The system is dynamic due to the dynamic arrival and
departure of connections. We define the system state to be
the combination of the system configuration (i.e., the number
of calls of each class in the system) and the transition-
triggering traffic events. In particular, we letni denote the
number of ongoing class-i calls in the system. Therefore, the
configuration space is defined as follows.

N =
{

n := (n1, ..., nI)|
I

∑

i=1

nixi ≤ C
}

We also assume that the number of state transitions within
a finite time interval is finite and there is only one traffic event
taking place at any instant. Letei denote a(1× I) unit vector
whoseith element equals to1 and otherI − 1 elements equal
to 0. Subsequently, the event space can be expressed below,
whereei and−ei denote the arrival and departure of a class-i
call, respectively.

Ω =
{

ω | ω ∈ {±ei}, i ∈ I
}

Due to the finite capacity constraint and the finite number
of traffic classes, the system is assumed to constitute a finite
number of states given by:

S =
{

s = (n, ω) | n ∈ N , ω ∈ Ω, andω 6= −ei if ni = 0
}

D. Performance objective

Our performance objective is to maximize the long-term
average revenue under a pricing and CAC policy pair. Let
Li denote the long term average loss probability of class-i
calls resulting from a dynamic CAC policy, then the long-term
average revenue with a static pricing policy can be expressed
in a simple form as following:

R =

I
∑

i=1

λi(ui)ui(1 − Li) (1)

E. A taxonomy of resource allocation schemes

We useU = {u | ui ∈ [0, ui,max], i ∈ I} and Π =
{π} to denote the set of all pricing policies and the set of all
CAC policies, respectively. We also denote the set of average
revenue performances byR = {R(u, π) | u ∈ U , π ∈ Π}.

We letua denote anarbitrary pricing, and letπg denote the
trivial greedy CAC policy. Additionally, we letu∗

πg denote the
optimal price vector with respect to the greedy CAC policy
πg. We express it in (2) and called it thegreedy optimal

pricing. We also letπ∗a denote the optimal CAC policy given
an underlying arbitrary pricing,ua, as expressed in (3).

u∗
πg = argmax

u
R(u, πg) (2)

π∗a = arg max
π

R(ua, π) (3)

Furthermore, we define a pair of joint optimal pricing and
CAC based upon Proposition 1 and 2 developed below1.

Proposition 1: There exists a finite upper bound,R∗, such
that R(u, π) ≤ R∗, ∀u ∈ U , ∀π ∈ Π. In addition, there exists
a (not necessarily unique) pair of pricing,u∗

π∗j , and CAC,π∗j ,
such that,

(u∗

π∗j , π∗j) = arg max
u,π

R(u, π) = R∗ (4)

Proposition 2: The pricing and CAC of a policy pair
(u∗

π∗j , π∗j), as defined in (4), are optimal with respect to each
other, that is:

u∗

π∗j = argmax
u

R(u, π∗j) (5)

π∗j = argmax
π

R(u∗

π∗j , π) (6)

Consequently, we callu∗

π∗j andπ∗j the joint optimalpricing
and CAC.

Since computingR∗ may be difficult, we seek a simple
bound on the performance, denoted asRub. Specifically, we
defineRub to be the maximal revenue performance assuming
all arriving traffic is admitted into the system without blocking,
and the system is only constrained by the average load being
less than the capacity. In other words, the loss probabilities
Li = 0 for i ∈ I. Thus,Rub is only a function of the prices
but independent of CAC. Let̄ni denote the expected number
of class-i calls in such a system when the arrival rate isλi,
for i ∈ I. According to Little’s Theorem in [19],̄ni = λi/µi.
Consequently,

Rub = max
u,π

R(u, π)|Li=0,i∈I = max
u

I
∑

i=1

λi(ui) ui (7)

subject to

I
∑

i=1

n̄i xi ≤ C where n̄i = λi/µi (8)

Let

Rub(u) =

{

∑I
i=1

λi(ui)ui , if (8) is satisfied,
0, otherwise.

(9)

Subsequently, we denote the optimal prices to obtainRub

by u∗
ub and express it in (10). We also callu∗

ub the optimal
upper bound pricing.

u∗
ub = argmax

u
Rub(u) (10)

1Proofs for Proposition 1 and 2 are omitted for space reasons.



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

R0 = R(ua, πg) R∗
0 = R(ua, π∗a)

R1 = R(u∗
πg , πg) R∗

1
= R(u∗

πg , π∗g)

R2 = R(u∗

π∗j , πg) R∗
2

= R(u∗

π∗j , π∗j)

Rub = Rub(u
∗
ub)

whereR0 is the long-term average revenue with the arbitrary
pricing and the greedy CAC policy;R∗

0 represents the average
revenue with the arbitrary pricing but the corresponding opti-
mal CAC policy; andR1, R∗

1
, R2, R∗

2
andRub are similarly

defined2.

IV. A NALYTICAL RESULTS OF PERFORMANCE PROPERTIES

In this section, we address the relationships of various
performances that are defined in Section III-E analytically.
First, we establish the performance relationship in a general
network.

Proposition 3: Given the performance valuesR0, R1, R∗
1,

R∗
2

andRub, as defined in Section III-E, we have

R0 ≤ R1 ≤ R∗
1 ≤ R∗

2 ≤ Rub (11)
Proof

1) Let Lg
i denote the loss probability of class-i calls with

the greedy CAC. Per our definition,R0 = R(ua, πg) and
R1 = R(u∗

πg , πg), whereua is any arbitrarily selected
price vector, and

u∗
πg = arg max

u
R(u, πg)

= arg max
u

I
∑

i=1

λi(ui)ui(1 − Lg
i )

If R0 > R1, thenu∗
πg can not be the optimal price vector

associated with the greedy CAC, which is contradictory
to the assumption. ThereforeR0 ≤ R1.

2) Per our definition,R1 = R(u∗
πg , πg) and R∗

1
=

R(u∗
πg , π∗g). If R1 > R∗

1, then π∗g can not be the
optimal CAC associated with the greedy optimal pricing,
u∗

πg , since it achieves a worse performance than the
greedy admission control policyπg, given that u∗

πg

is applied to both cases. This is contradictory to the
assumption. ThereforeR1 ≤ R∗

1
.

3) Per our definition,R∗
2 = R∗, and per Proposition 1,

R(u, π) < R∗, ∀u, ∀π. ThereforeR∗
1
≤ R∗ = R∗

2
.

4) When the joint optimal price vector,u∗

π∗j , and the
corresponding optimal CAC,π∗j , are applied, we denote
class-i calls’ arrival rate asλ∗

i = λi(u
∗

π∗j ) and the
corresponding successful transmitted traffic rate asλ′∗

i =

2
R

∗

2
= R

∗ is renamed for a clear presentation of the structure of our
taxonomy.R1 andRub are the same as the performance value of theoptimal
static pricing policyand theupper bound performance, respectively, as defined
in [11].

λ∗
i (1−Li) is the successful transmit rate, fori ∈ I. The

number of class-i calls in such a system is a random
variable n∗

i , and we denote its mean as̄n∗
i . Since at

any time,
∑

i n∗
i xi ≤ C, we have

∑

i n̄∗
i xi ≤ C.

According to Little’s Theorem in [19],λ′∗
i = µi n̄∗

i .
Thereforen̄∗

i and λ′∗
i form a feasible solution of the

upper bound problem (7). Consequently,

R∗
2 =

I
∑

i=1

λ∗
i (1 − Li) u∗

π∗j =

I
∑

i=1

λ′∗
i u∗

π∗j ≤ Rub

5) Based upon the above results in step [1-4], the result
follows. Q.E.D.

Next, we address the performance relationship in large
networks with many small users.

Definition 1: Consider a base system whose capacity and
arrival rates areC, andλi, for i ∈ I, respectively. We define
a scaled systemto be a network whose capacity isCβ = β C
and arrival rates areλi,β = β λi, for i ∈ I. We also define the
limiting regimeto be such a scaled system whenβ → ∞.

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
R1,β, R∗

1,β , R∗
2,β, Rub,β to represent the corresponding values

for the scaled system, and establish the following relationship.

Proposition 4: In the limiting regime of a large system with
many small users, we have:

lim
β→∞

1

β
R1,β = lim

β→∞

1

β
R∗

1,β = lim
β→∞

1

β
R∗

2,β = lim
β→∞

1

β
Rub,β

Proof

As we noted in Section III, our performance upper bound
Rub andR1 are the same as the upper bound performance and
optimal static pricing performance, respectively, as defined in
[11]. According to Theorem 7 in [11],

Rub,β = β Rub

lim
β→∞

1

β
R1,β ≥ Rub

Additionally, according to our Proposition 3, we have

R1,β ≤ R∗
1,β ≤ R∗

2,β ≤ Rub,β

Therefore, the result follows.Q.E.D.

V. COMPUTATIONAL METHODS

In this section, we address the methods to compute the
various revenue performances defined in Section III-E.

A. Greedy optimal pricing

With our static pricing model, if a trivial greedy CAC
policy is assumed, we can compute the corresponding call
blocking probabilities analytically using the method in [16].
Then we can apply a multi-dimensional optimization technique
to maximize the performance objective expressed by equation
(1) with respect to the price vectoru. Thus, the resulting
optimal price vector is the greedy optimal pricing,u∗

πg .



B. Optimal dynamic CAC

Per our system state definition in Section III-C, lets(t) :=
(

n1(t), ..., nI(t), ω(t)
)

be the state of the system at timet.
The state transitions and control selection take place at discrete
times, but the time from one transition to the next is random.A
CAC policy can therefore be modeled as the solution to a semi-
Markov decision process (SMDP) problem, see [1]–[3]. We
assume a deterministic CAC policy. Therefore, an admission
control policy can be defined by a mappingf = (f1, ..., fI),
wherefi → {0, 1}, i = 1, ..., I, and fi(s) takes the value0
or 1 when an arriving class-i connection request is rejected
or accepted, respectively. We model such a policy as the
solution to a continuous-time average reward SMDP problem,
and solve it using the dynamic programming (DP) methods,
see [17], [18]. The details of this approach are omitted for
space reasons.

C. Joint optimal pricing and CAC

It is challenging to find the joint optimal pricing and
CAC (i.e. u∗

π∗j and π∗j ) analytically. This is because it is
generally difficult to express an optimal CAC policy and the
corresponding optimal price vector in closed forms. For the
cases where the number of traffic classesI is small, e.g.I ≤ 2,
we can solve such a problem through a brute-force discrete
approximation. Specifically, we can first generate a price grid
that covers the entire price range[0, ui,max], i ∈ I, with a fine
granularity. Next, we can simulate the optimal CAC policy
for each price vector via the DP method. Subsequently, the
price vector and the CAC policy corresponding to the resulting
maximal performance point are the joint optimal pricing and
CAC, namely,u∗

π∗j andπ∗j .

D. A performance upper bound

For the performance upper bound formulated in Section III-
E, the values ofRub and u∗

ub can in general be solved
numerically via a multi-dimensional constrained optimization
technique. When the arrival function is differentiable (a condi-
tion satisfied by the linear arrival function expressed by (14)
in Section VI), this is also a standard optimization problem
that can be solved using Lagrange multipliers. Writing the
Lagrangian function as

Q =

I
∑

i=1

λi(ui)ui − p (

I
∑

i=1

λi(ui)xi

µi

− C) (12)

wherep is the Lagrange multiplier.

Set ∂Q
∂ui

= 0, then we have:

u∗
i,ub =

p xi

µi

−
λi(ui)

λ′
i(ui)

(13)

For any given arrival function,λi(ui) andλ′
i(ui) are known,

so that the Lagrange multiplierp can be solved through
inserting (13) into the constraint function (8). Subsequently,
u∗

i,ub and Rub can be readily computed via (13) and (7),
respectively.

VI. N UMERICAL EXAMPLES

In this section, we present the results of our numerical
studies obtained using the methods described in Section V. We
first define a base system, which resembles a small network,
and we then scale the base system to evaluate the performance
of larger networks as a function of the scaling factor.

Specifically, for the base system, we assume the total
number of traffic classesI = 2, and the link capacity is
C = 10. We also assume the bandwidth requirements of class-
1 and class-2 traffic are x1 = 6 and x2 = 1, respectively,
and their service rates areµ1 = 0.167 and µ2 = 0.0167.
Additionally, we assume that the connection arrival rateλi,
i = 1, 2, is a linear function of the priceui charged for class-i
calls, as expressed in (14). This model satisfies ourcontinuous
andstrictly decreasingassumptions for traffic arrival functions
as stated in Section III-B, and we setk1,1 = 2, k1,2 = 1.6,
k2,1 = 2 andk2,2 = 1.6.

λi = λi(ui) = ki,1 − ki,2 ui , ui ∈ [ 0,
ki,1

ki,2

] , i ∈ I

(14)
We then scale the network capacity and the traffic load

simultaneously using the method specified in Definition 1
with a scaling factorβ, for β = 1, 2, .., 10, and evaluate
the respective performance ofR1,β andR∗

1,β . To obtainR1,β

and R∗
1,β, we first identify the corresponding price vectors,

u∗
πg , using the corresponding methods in Section V and the

optimal dynamic CAC policy. Subsequently, we simulate over
3× 106 test traffic events (i.e., call arrivals and departures) to
generate the result ofR1,β and R∗

1,β of one test. We repeat
each test ten times and use the mean values as the simulated
performance results. The standard deviations for the simulated
revenue performance results are less than7.3×10−4. We then
plot the performance gap, defined by

R∗

1,β−R1,β

R1,β
× 100%, as a

function of β, with the solid curve in Figure 2.
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Next, we examine the asymptotic performances of the scaled



large networks. We computeR1,β andRub,β analytically for
the base network (i.e.,β = 1) and the scaled networks using
β in the range of5 to 100 with an increment of5. We then
plot the performance gap, defined byRub,β−R1,β

R1,β
× 100%, as

a function ofβ, with the dashed curve in Figure 2.

A. Discussions

Despite the use of the greedy optimal pricing, an additional
optimal dynamic CAC policy can further improve the revenue
performance when the network is small. As shown by the
solid curve in Figure 2, such a performance gain is about
13 percent for the case ofβ = 1. However, such a gain
due to the optimal dynamic CAC dissolves when the network
grows larger, as shown in the cases ofβ ≥ 2 in the solid
curve in Figure 2. This is also supported by the facts: (a)
the performance upper bound,Rub, asymptotically approaches
the revenue performance resulting from the greedy optimal
pricing and the greedy CAC,R1, as shown by the dashed
curve in Figure 2 and Proposition 4, and (b)R1 ≤ R∗

1
≤ Rub.

Additionally, the combination of the facts thatR1 ≤ R∗
2
≤

Rub andRub asymptotically approaches toR1 show that the
joint optimal pricing and CAC (i.e., the pricing and policy
pair for R∗

2
) do not bring significant performance benefits in

the limiting regime relative to the use of the greedy optimal
pricing and the greedy CAC. Consequently, the above results
indicate that the greedy optimal pricing plays a significantrole
in the revenue performance optimization in networks of both
small and large sizes.

VII. C ONCLUSIONS ANDFUTURE WORKS

We have formulated a framework to view pricing and
call admission control as two stages of a call level network
resource allocation process. Within such a context, we have
studied the relative roles of an optimal pricing policy and an
optimal admission control policy in the revenue performance
of multi-class loss networks. We have shown that both an
optimal pricing and an optimal CAC can improve the per-
formances, and the greedy optimal pricing plays a significant
role. Moreover, in large networks with many small users, the
performance resulting from the greedy optimal pricing and the
greedy CAC policy approaches the upper bound performance
asymptotically, and the pricing resulting from the joint pricing
and CAC optimization does not provide an additional perfor-
mance gain. A potential direction for the future research isto
further investigate the relative performance benefits of various
pricing and CAC in networks away from the limiting regime.
Extensions of the analysis to the long-range dependent traffic
(see, [20]), multi-link networks and demand functions allowing
price substitution would also be valuable.

ACKNOWLEDGEMENT

This work was supported by NSF Awards CNS 0428887
and CNS 0550872.

REFERENCES

[1] K. Ross, Multiservice Loss Models for Broadband Telecom-
munication Networks, chapter 4, pp. 113–153, Springer-
Verlag,London, 1995, ISBN 3-540-19918-7.

[2] P. Marbach,Simulation-based optimization of Markov decision
processes, Ph.D. thesis, Massachusetts Institute of Technology,
Cambridge, MA, September 1998.

[3] H. Tong, Adaptive admission control and routing under quality
of service constraints in broadband communications, Ph.D.
thesis, University of Colorado at Boulder, Boulder, CO, 1999.

[4] P. Marbach, “Analysis of a static pricing scheme for priority
services,” IEEE/ACM Transaction on Networking, vol. 12,
pp. 312–325, April 2004.

[5] P. Marbach, “Priority service and Max-min fairness,”IEEE/ACM
Transaction on Networking, , no. 5, pp. 733–746, October 2003.

[6] F. Kelly, “Charging and rate control for elastic traffic,” European
Transactions on Telecommunications, vol. 8, pp. 33–37, 1997,
http://www.statslab.cam.ac.uk/frank/.

[7] S. Low and D. Lapsley, “Optimization flow control - I: Basic al-
gorithm convergence,”IEEE/ACM Transactions on Networking,
vol. 7, no. 6, pp. 861–874, December 1999.

[8] F. Kelly, A. Maulloo, and D. Tan, “Rate control for commu-
nication networks: shadow process, proportional fairnessand
stability,” Journal of the Operational Research Society, vol. 49,
pp. 237–252, 1998.

[9] H. Yaiche, R. Mazumdar, and C. Rosenberg, “A game theoretic
framework for bandwidth allocation and pricing in broadband
networks,” IEEE/ACM Transactions on Networking, vol. 8,
no. 5, pp. 667–678, October 2000.

[10] U. Savagaonkar, E. Chong, and R. Givan, “Online pricing
for bandwidth provisioning in multi-class networks,”Computer
Networks, vol. 44, issue. 6, pp. 835–853, 2004.

[11] I. Paschalidis and J. Tsitsiklis, “Congestion-dependent pricing
of network services,”IEEE/ACM Transaction on Networking,
vol. 8, no. 2, pp. 171–184, 2000.

[12] I. Paschalidis and Y. Liu, “Pricing in multi-class lossnetwors:
static pricing, asymptotic optimality, and demand substution
effects,” IEEE/ACM Transactions on Networking, vol. 10, no. 3,
pp. 425–438, 2002.

[13] X. Lin and N. Shroff “Pricing-based control of large networks,”
Proceedings of the Thyrrhenian International Workshop on
Digital Communications: Evolutionary Trends of the Internet
pp. 212–231, 2001 ISBN:3-540-42592-6

[14] S. Patek and E. Campos-Nanez “Pricing of dialup services:
an example of congestion-dependent pricing in the Internet,”
Proceedings of the 39th IEEE Conference on Decision and
Control pp. 2296–2301, 2000

[15] D. Laidler, Introduction to Microeconomics, chapter 3, pp. 27–
28, Basic Books, Inc., New York, 1974, ISBN 465-03544-2.

[16] J. Kaufman, “Blocking in a shared resource environment,” IEEE
Transaction on Communications, vol. Com-29, no. 10, pp. 1474–
1481, October 1981.

[17] S. Ross Applied Probability Models with Optimization Ap-
plications, Holden-Day, San Francisco, CA, 1970, ISBN
0486673146.

[18] D. Bertsekas Dynamic Programming and Optimal Control,
Vol.II Athena Scientific, Belmont, MA, 1995, ISBN 1-886529-
13-2.

[19] D. Bertsekas and R. Gallager,Data Networks, Prentice-Hall,
Englewood Cliffs, NJ, 2nd edition, 1992.

[20] W. Leland, M. Taqqu, W. Willinger, and D. Wilson “On the
self-similar nature of Ethernet traffic,”IEEE/ACM Transactions
on Networking, vol. 2, no. 1, pp. 1–15, February 1994.


