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Abstract

We consider in this paper the problem of Call Admission
Control of guaranteed performance (GP) connections (such
as the CBR and VBR tra�c classes in ATM) in the pres-
ence of best e�ort (BE) connections that use the bandwidth
left over by the guaranteed performance connections. We
assume that the BE sessions do not require a minimum cell
rate (MCR) and are thus not subject to call admission con-
trol. By slightly increasing rejection rate of GP sessions one
may decrease dramatically the delay of BE sessions. We for-
mulate the admission problem as a Markov decision problem
and obtain the optimal policy. In particular, we show that
it is of a switching curve type. We then compare numer-
ically the performance of the optimal policy to threshold
policies as well as to the policy which ignores the BE tra�c
(and accepts GP sessions as long as there is available band-
width for them). We show that threshold policies are good
approximations for the overall optimal policy.

1 Introduction

Optimal admission control for high speed networks with
tra�c that requires guaranteed Quality of Service (QoS) is
still an open and challenging problem. Network tra�c can
be classi�ed in two types: tra�c from applications which
need a guaranteed QoS and tra�c from more �exible appli-
cations that can handle large variations of bandwidth and
delays. These two types of tra�c will be noted GP (Guar-
anteed Performance) and BE (Best E�ort) respectively.
In ATM networks, the Connection Admission Control
(CAC) function is used for managing the network's resources
and decide if a new connection can be accepted or must
be rejected. Because GP and BE tra�c share the same
resource, the CAC policy a�ects the performance of both
types of tra�c. Yet most approaches used to design CACs
focused only on GP tra�c. We consider also BE tra�c in
the admission control decision and we show that an optimal
policy that takes into account the two types of tra�c per-
forms better than a greedy policy that always accepts GP
tra�c sessions ignoring the performance of BE sessions.
In [3] a similar problem has been studied under more general
statistical assumptions. It was shown numerically (yet not
proved) that a limitting control problem that is obtained in
the heavy tra�c regime has optimal policies given by (de-
creasing) switching curves. In this paper we restrict to ex-

ponential assumptions on the session duration. Under this
assumption we show that this structure holds not only for
the limitting heavy tra�c regime but for any loading of the
system. (Since the results in [3] are only sensitive to the �rst
moment of the processes and not to the whole distribution,
our results here imply that the switching curve structure of
optimal policies is in fact optimal in the heavy tra�c limit
under much weaker assumptions on the distribution of the
session durations.)
We used an event-based dynamic programming approach.
This type of approach have been successfully used in other
Call Admission Control problems which did not involve BE
tra�c, see [4, 5]. We show that our model has some prop-
erties which implies that the optimal policy has a switching
curve form that is easily computed.
We compare the optimal policy with others simpler poli-
cies, numerically. We show that threshold policies are good
aproximations to the optimal policy.
The paper is organized as follows. The next section 2
presents the model. Section 3 de�nes increasingness, con-
vexity and supermodularity properties and presents the
proof that the optimal cost in our model has such prop-
erties. This is shown to imply that the optimal policies
are described via monotone decreasing switching curves. In
section 4 we compare the optimal policies obtained by dy-
namic programming and other simpler policies. We �nish
with some conclusions in section 5.

2 The model

We consider the above mentioned two types of tra�c arriv-
ing to a single shared resource. The shared resource typi-
cally represents a link or a router in a network.1

In this model, the variables are the number of tra�c ses-
sions of each type, let x0 denote the number of sessions of
BE tra�c and x1 the GP tra�c ones.
We assume that the number of GP sessions is always
bounded by a constant x1 � B, whereas we do not assume a
bound for the number of BE sessions. We also assume that
all BE tra�c sessions share equally the bandwidth unused
by the GP tra�c.
Tra�c sessions arrival are Poisson with parameters �0 and

1We do not consider here the case of several resources. The
latter case has been successfully addressed in the past by decom-
posing the network into a set of independent resources (links)
assumed to have independent tra�c and reward process [6].



�1 and each GP connection remains for a period exponen-
tially distributed with parameter �1.
Using the standard uniformization technique [7], (in which
we sample the continuous time controlled Markov chain with
a Poisson process of rate � � �0 + �1 + ��; �� � B�1) the
problem is reduced to a discrete time MDP, with
� State space Y = fIN� [0; :::; B]g,
� Action space W = f0; 1g, (where 0 corresponds to re-
jection and 1 to acceptance), where 0 is the only action
available at state (x0; B).
� Immediate cost � composed of the sum of a convex in-
creasing holding cost C(x1) for BE sessions, and a constant
cost c for rejection of a GP session. We assume that f grows
at most polynomially. Let �n be the immediate cost at the
nth transition.
� Policy A policy u is a sequence (u1; u2; :::) where un is
the decision rule at time n. un is allowed to depend on the
entire history (i.e. all previous states and actions as well
as the current state at time n); furthermore it is allowed to
be a random decision rule. More precisely, un is a function
from the history till time n to the set of probabilities on W .
We shall be in particular interested by the class of pure sta-
tionary policies, i.e. policies that choose an action (without
randomizing) only as a function of the current state.

An initial state x = (x0; x1) together with a policy u de�ne
a probability measure Pu

x over the trajectories of states and
actions. We denote by Eu

x the corresponding expectation.

Remark Our choice of costs represents the fact that con-
gestion is felt di�erently by GP and BE sessions. Indeed,
the impact of congestion on GP sessions is the rejection of
calls, whereas the impact of congestion on BE sessions is in
long delays. We are thus in particular interested in holding
costs of the form C(x0) = C � x0. The average holding cost
is then proportional to the average queue length, which is in
turn proportional to the average delay of best e�ort sessions
(due to Little's Law). An alternative cost function that has
been considered in the literature corresponds to the total
revenue for the network [2]; although it concerns also BE
tra�c, it does not include their delay.

We are interested in minimizing the following in�nite hori-
zon expected discounted cost: C�(x; u) =

P
1

n=1
�n�1Eu

x�n

To solve the in�nite horizon problem, we de�ne �rst the
�nite horizon cost: Cm

� (x; u) = v
Pm

n=1
�n�1Eu

x�n

De�ne the followings events:
� A BE tra�c session arrival : A0(x) = (x0 + 1; x1),
� A GP tra�c session arrival : A1(x) = (x0; x1 + 1),
� A session departure of BE tra�c:
D0(x) = (max(x0 � 1; 0); x1),
� A session departure of GP tra�c:
D1(x) = (x0;max(x1 � 1; 0)).

De�ne the value function of the in�nite horizon control prob-
lem as C�(x) = infu C�(x; u):We also de�ne the value func-
tion of the �nite horizon problem as Vn = infuC

n
�(x; u): We

shall use the following dynamic programming results [7]:

Lemma 1 1. The optimal in�nite horizon cost is
the unique solution (among those that are polynomially

bounded) of

�(x) = T��(x) := C(x) + �S�(x) (1)

where

S�(x) = ��1
�
(�� � x1�1)�(D0x) + x1�1�(D1x)

+�0�(A0x) + �1 min
�
�(x) + c; �(A1x)

�
+(� � ��� �0 � �1)�(x)

�
2. Consider the pure stationary policy u that chooses at
state x action 0 if and only if the �rst term achieves the
minimum in the above minimization. Then u is optimal.
3. The optimal cost for a horizon n is given recursively by:

Vn+1(x) = T�Vn(x); V0 = 0: (2)

4. Value iteration: the optimal value for the in�nite horizon
problem is given as limn!1 Tn

� (0).

De�nition A map g : Y ! W is called monotone decreas-
ing switching curve if g is decreasing. This means that
� for each �xed x0 there is a threshold l0(x0) such that
g(x0; x1) = 0 if and only if x1 � l0(x0).
� for each �xed x1 there is a threshold l1(x1) such that
g(x0; x1) = 0 if and only if x0 � l1(x1).

It follows from step 2 that a su�cient condition for the pol-
icy u to have a monotone decreasing switching curve struc-
ture is that �(A1x)� �(x) be monotone increasing.
The approach used in this paper for deriving monotonic-
ity results, and, in particular, the structure of the optimal
policy is based on [8].

3 The Structure of the Optimal Policy

Let us rewrite (2):

Vn+1(x) = C(x) +
�

�

�
��Vn(D0x)+ (3)

x1�1
�
Vn(D1x)� Vn(D0x)

�
+ �0Vn(A0x)+

�1 min
�
Vn(x) + c; Vn(A1x)

�
+ (� � ��� �0 � �1)Vn(x)

�
De�ne the following operators:

Tcostf(x) = C(x) + �f(x)
Tarr0f(x) = f(x+ e0)

Tacf(x) = min
�
c+ f(x); f(x+ e1)

�
Tdepf(x) =

�
x1f(x� e1)

+ + (B�x1)f(x� e0)
+ ifx1 < B

Bf(x� e1) otherwise

Tunif (f1(x); f2(x); f3(x); f4(x)) =
(�0=�)f1(x) + (�1=�)f2(x) + (�1=�)f3(x) + (�=�)f4(x)

where: � = � � �� � �1 � �0, ei denotes the vector with 1
in the ith component and zero in all the others components
and x+ = max(x; 0) componentwise.

The value iteration for computing Vn can be rewritten as:

Vn+1(x) = Tcost

 
Tunif

�
Tarr0

�
Vn(x)

�
;

Tac
�
Vn(x)

�
; Tdep

�
Vn(x)

�
; Vn(x)

�!
(4)



The following properties are de�ned for functions of the
state if the corresponding inequalities hold:

Increasingness. Inc(i) : f(x) � f(x+ ei); for i = 0; 1

Supermodularity.

Super : f(x+ e0) + f(x+ e1) � f(x) + f(x+ e0 + e1);
We note that C(x) satis�es properties Inc(i); Super.
We �rst present a few Lemmas that establish some proper-
ties of the dynamic programming operators. This will en-
able us to prove the optimality of switching curve policies.

Lemma 2 The following relations hold for i = 0; 1:
1. Tcost : Inc(i) =) Inc(i), 2. Tunif : Inc(i) =) Inc(i),
3. Tarr0 : Inc(i) =) Inc(i), 4. Tac : Inc(i) =) Inc(i), 5.
Tdep : Inc(i) =) Inc(i).

Proof: The two �rst operators are based on the oper-
ators with the same name in section (3) of [8] and as ex-
posed there, the results follow directly as these properties
are closed under convex combinations. For Tarr0 , named
TA(i) in [8], the result is straightforward using the variable
change x = y + e0 in the inequalities. The proof for the
operator Tac can be found in [8] section (3), lemma 3.1. It
remains to establish the proof for the operator Tdep. We
thus assume that f(x) is increasing in x0 and x1 and we
show that this implies that so is Tdep.

We �rst check increasingness in x0: x1f(x � e1) + (B �
x1)f(x�e0) � x1f(x�e1)+(B�x1)f(x). This is equivalent
to (B � x1)f(y) � (B � x1)f(y + e0) which clearly holds.
Hence the monotonicity in x0.
Next we check the monotonicity in x1:

x1f(x� e1) + (B � x1)f(x� e0) �

(x1 + 1)f(x) + (B � x1 � 1)f(x� e0 + e1)

This is obtained as the sum of the three inequalities: x1f(x�
e1) � x1f(x); f(x� e0) � f(x); and (B�x1�1)f(x� e0) �
(B� x1 � 1)f(x� e0 + e1): All these inequalities hold since
f(x) is increasing. This establishes the monotonicity in x1
as well.

De�nition A function f of the state is said to satisfy the
Partial Superconvexity (PSC) property if the following in-
equality holds for all x such that x+ e1 � B.

f(x+ e0) + f(x+ e0 + e1) � f(x+ e1) + f(x+ 2e0) (5)

Clearly C(x) satis�es the PSC property.

Lemma 3 The following relations hold:
� Tcost : PSC =) PSC;Super =) Super.
� Tunif : PSC =) PSC;Super =) Super.
� Tarr0 : PSC =) PSC;Super =) Super
� Tac : PSC =) PSC;Super =) Super.
� Tdep : PSC =) PSC;Super; PSC =) Super.

Proof: (5) is part of the property named superconvex-
ity (SuperC(i,j)) in section (4) in [8]. It is established in
this paper that the operators Tcost; Tunif ; Tarr0 ; Tac de�ned

above satisfy this inequality if f(x) does.
We will prove that the operator Tdep satis�es (5) on the as-
sumption that f(x) satis�es it. Inequality (5) for Tdep has
the following form in the case that 0 < x1 < B, x0 > 0:

x1f(x+ e0 � e1) + (B � x1)f(x) + (x1 + 1)f(x+ e0)

+(B � x1 � 1)f(x+ e1) � (x1 + 1)f(x)

+(B � x1 � 1)f(x� e0 + e1) + x1f(x+ 2e0 � e1)

+(B � x1)f(x+ e0):

This inequality can be seen to be the sum of the inequalities

(B � x1 � 1)
�
f(y + e0) + f(y + e0 + e1)

�
�

(B � x1 � 1)
�
f(y + e1) + f(y + 2e0)

�
and x1

�
f(y + e0) + f(y + e0 + e1)

�
�

x1
�
f(y + 2e0) + f(y + e1)

�
where y = x�e1. Both equations above hold since f satis�es
(5). Hence the departure operator satis�es (5) for 0 < x1 <
B, x0 > 0. It remains to check the boundary cases:
1.- x1 = 0. Inequality (5) for Tdep has the following form:

Bf(x) + f(x+ e0) + (B � 1)f(x+ e1) �

f(x) + (B � 1)f(x+ e1 � e0) +Bf(x+ e0)

which is equivalent to (B � 1)
�
f(x) + f(x + e1)

�
� (B �

1)
�
f(x� e0+ e1)+ f(x+ e0)

�
. The inequality above indeed

holds since f satis�es (5).
2.- x0 = 0. (5) for Tdep has the following form:

x1f(x+ e0 � e1) + (B � x1)f(x)+

(x1 + 1)f(x+ e0) + (B � x1 � 1)f(x+ e1) �

(x1 + 1)f(x) + (B � x1 � 1)f(x� e0 + e1)

+x1f(x+ 2e0 � e1) + (B � x1)f(x+ e0)

It can be obtained as the sum of the following inequalities:

(B � x1 � 1)
�
f(x) + f(x+ e1)

�
�

(B � x1 � 1)
�
f(x� e0 + e1) + f(x+ e0)

�
and x1

�
f(x+ e0 � e1) + f(x+ e0)

�
�

x1
�
f(x) + f(x+ 2e0 � e1)

�
These two inequalities indeed hold since f satis�es (5).
3.- x1 = B � 1. Inequality (5) for Tdep has the form:

(B � 1)f(x+ e0 � e1) + f(x) +Bf(x+ e0) �

Bf(x) + (B � 1)f(x+ 2e0 � e1) + f(x+ e0)

It can be rewritten as:

(B � 1)
�
f(x+ e0 � e1) + f(x+ e0)

�
�

(B � 1)
�
f(x) + f(x+ 2e0 � e1)

�
which again follows since f satis�es inequality (5). We con-
clude that all the operators satisfy (5) if f(x) does, which
establishes the relation Tdep : PSC =) PSC.

To prove supermodularity we assume that f(x) is super-
modular and satis�es inequality (5). The supermodluarity
for Tdepf has the following form away from the boundaries:

x1f(x+ e0 � e1) + (B � x1)f(x)+

(x1 + 1)f(x) + (B � x1 � 1)f(x+ e1 � e0)

� x1f(x� e1) + (B � x1)f(x� e0) +

(x1 + 1)f(x+ e0) + (B � x1 � 1)f(x+ e1)



The inequality above is the sum of the following inequalities:

(B � x1)
�
f(x) + f(x+ e1 � e0)

�
�

(B � x1)
�
f(x� e0) + f(x+ e1)

�
;

x1
�
f(x+ e0 � e1) + f(x)

�
� x1

�
f(x� e1) + f(x+ e0)

�
;

f(x)� f(x� e0 + e1) � f(x+ e0)� f(x+ e1)

The �rst and second inequalities hold by supermodularity
(using the changes z = x � e0 and z = x � e1 resp.), the
third equation holds because f(x) satis�es inequality (5).
Next, we show that supermodularity holds also on the
boundaries. Consider four cases: 1) x1 = 0, and x0 6= 0;
2) x0 = 0, and x1 6= 0; 3) x0 = 0 and x1 = 0; and 4)
x1 = B � 1.
1.- x1 = 0, and x0 6= 0. The supermodularity for Tdep
takes the form

Bf(x) + f(x) + (B � 1)f(x� e0 + e1)

� Bf(x� e0) + f(x+ e0) + (B � 1)f(x+ e1)

This is the sum of (B � 1)
�
f(x + e1 � e0) + f(x)

�
� (B �

1)
�
f(x� e0)+f(x+ e1)

�
and 2f(x) � f(x� e0)+f(x+ e0):

The �rst equation holds by supermodularity and the second
by convexity in direction e0 of f (note that supermodularity
plus equation (5) give convexity in direction e0).
2.- x0 = 0, and x1 6= 0

x1f(x+ e0 � e1) + (B � x1)f(x) + (x1 + 1)f(x)

+(B � x1 � 1)f(x+ e1) �

x1f(x� e1) + (B � x1)f(x)

+(x1 + 1)f(x+ e0) + (B � x1 � 1)f(x+ e1)

This is the sum of x1
�
f(x + e0 � e1) + f(x)

�
� x1

�
f(x �

e1) + f(x + e0)
�
and f(x) � f(x+ e0). The �rst equation

holds by supermodularity and the second by increasigness
in x0.
3.- x0 = 0 and x1 = 0

Bf(x) + f(x) + (B � 1)f(x+ e1) �

Bf(x) + f(x+ e0) + (B � 1)f(x+ e1)

which reduces to f(x) � f(x + e0): This holds true by in-
cressingness in x0.
4.- x1 = B � 1.

(B � 1)f(x+ e0 � e1) +Bf(x) + f(x)

� (B � 1)f(x� e1) +Bf(x+ e0) + f(x� e0)

This is the sum of Bf(x+ e0� e1)+Bf(x) � Bf(x� e1)+
Bf(x+ e0) and f(x) + f(x� e1) � f(x� e0) + f(x+ e0 �
e1). The �rst inequality holds by supermodularity and the
second due to inequality (5). Note that if x0 = 0 the second
inequality holds by increassingness in x0.

Using the previous Lemmas we now obtain our main result
on the structure of the optimal policy:

Theorem 1 The optimal admission policy u� (from step
(2) of Lemma 1) is of monotone decreasing switching curve
type.

Proof: We use the value iteration procedure from Lemma
1 (4) as well as an inductive argument. We show that Vn
satis�es Inc(i), i = 0; 1, as well as PSC and Super. Clearly
V0(x) = 0 has these properties. We thus make the induc-
tive assumption that Vn satis�es them. It follows from the
previous Lemmas that Vn+1 also satis�es them. It is easily
seen that these properties carry on to the limit as n ! 1.
Hence, by Lemma 1 (4), the value function C�(x) satis�es
these properties. By de�nition of u�, these properties imply
its desired structure.

4 Numerical Results

In this section we present some numerical examples and we
compare between the performance of the following policies:
(i) The optimal switching curve policy, (ii) The greedy pol-
icy which always accepts GP sessions if there is available
bandwidth for them, and (iii) Threshold policies.
A threshold policy is de�ned through a threshold l (that
does not depend on x1) that accepts a GP session if the
number x0 of BE sessions is not greater than l.
We shall consider two threshold policies: the average thresh-
old policy and the maximal threshold policy. These two
policies are both constructed from the optimal switching
curve policy. The switching curve policy can be viewed as
a threshold policy in which the threshold l1 depends on the
state x1: we accept a GP session if and only if x0 � l1(x1).
The average threshold policy is taken by choosing a thresh-
old lav which is the threshold of the switching curve policies
averaged over all values of x1.
The maximal threshold policy is de�ned through the max-
imum of all thresholds that appear in the switching curve,
i.e. through a threshold lmax := maxx1 l1(x1).
The dynamic programming was coded in C language and all
the examples were run on a Ultra 5 SUN Station.

A regime of good utilisation of the resources We
�rst consider a situation in which the sum of input rates
are less than the total available capacity. More precisely,
we chose input rates of �0 = 0:2 and �1 = 0:2, the number
of resources is B = 10 and the capacity per resource is
� = 0:045. Thus the total available capacity is �� = 0:45.
This can be classi�ed as a regime of good utilisation of
the resources: �̂ = 8=9 (�̂ is de�ned as the ratio between
the sum of input rates and the output rate). The discount
factor is � = 0:998.

The following Figures illustrate the performance of all poli-
cies: the average delay of BE sessions (2) and the rejection
rate of the GP sessions (1). The rejection probabilities are
obtained from the rejection rates by dividing them by the
input rate �1.

We see that the delays of BE are considerably larger under
the greedy policy than under the three other policies: the
optimal and the threshold ones. The delay performance for
BE tra�c is almost the same under the latter policies, with
slightly smaller delay for the optimal policy. We see from
Fig. 1 that the price that we pay in terms of rejection rates
for this improvement in delay is very small.

Note that, since we use discounted costs, the averages of the
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Figure 2: BE Delay for Di�erent Policies

delays and rejection rates are taken in the Abel sense (i.e.
they are discounted) rather than in the Cesaro sense, which
explains the dependence on the initial state.

Heavy tra�c regimeWe chose a heavy tra�c regime, i.e.
a situation in which the sum of input rates is close to the
total available capacity: �0 = 0:2 and �1 = 0:2, the number
of resources is B = 10 and the capacity per resource is
� = 0:039. Thus the total available capacity is �� = 0:39.
Here the input rate is slightly larger than the output rate
(�̂ > 1).

Fig. 3 presents the optimal switching curve policies as well
as their approximations by threshold policies, for a rejec-
tion cost of 150 units per GP session, and for three dif-
ferent linear BE cost funtions C(x0) = cx0 where we took
c = 5; c = 10 and c = 15. The horizontal (respectively, ver-
tical) axis represents the number of GP (respectively, BE)
sessions. The corresponding curve have the following inter-
pretation: above the curve we reject an arriving GP session,
whereas below or at the curve we accept an arriving GP ses-
sion. Thus for each value x1 of the horizontal axis (number
of GP sessions), we accept as long as the number x0 of BE
sessions is not above the value of the curve at x1. For ex-
ample, for the cost c = 10 we will accept a new GP session
when we are in the state x1 = 2 if and only if x0 � 4. The
discount factor is � = 0:98.

The optimal policies are seen to be almost linear for all
three cost parameters. Thus instead of memorizing a whole
switching curve it it su�ces to store their value at x1 = 0
and the slope. A simple calculation is then performed
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upon arrival of a GP session in order to decide upon ac-
ceptance/rejection.

In Figure 4 we depict the cost corresponding to the opti-
mal policy for c = 5 and rejection cost of 150. We see
that the optimal cost is indeed convex in direction x0 (as
already mentioned, supermodularity plus the equation (5)
imply convexity in direction x0).

Figure 5 illustrates the bene�t of use of the optimal policy
rather than the greedy policy. The di�erence between the
costs of the two policies is depicted. (The average threshold
is 11, as seen from Fig. 3.) We see some discontinuity in
this di�erence around the threshold value 11.
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Figure 5: Average Threshold vs Optimal Policies
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Figure 6: Greedy vs Optimal Policies

Figure 6 shows the di�erence in the cost between the optimal
policy and the greedy policy. The di�erence between the
performances corresponding to these two policies is much
larger (more than ten times) than the di�erence in perfor-
mance between the optimal and the average threshold. We
conclude that the average threshold is a good approximation
(in term of overall performance) for the optimal policy.

Note that the maximum threshold policy is closer to the
greedy policy than the average threshold policy, in the sense
that its acceptance region contains the one of the average
threshold policies (and is itself contained in the acceptance
region of the greedy policy). The di�erence in performances
between the two threshold policies is very small, hence in
practice one may choose either thresholds (both perform
better than the greedy policy and only slightly worse than
the optimal policy).

The overloaded regime Here we consider the case of in-
put rates which are much larger than the available service
rate (�̂ >> 1). In this regime the sum of input rates is con-
siderably larger than the network capacity. It is of course
an undesirable operational mode of the network that results
in high congestion (which translates in large delays of BE
sessions and large rejection rate of GP sessions). Yet we be-
lieve that even a network that is dimensioned so as to avoid
this regime, it still may occur during some peak hours.
The parameters used in the example are: The total num-
ber of resources (B=10), the discount factor (� = 0:98), the
arrival rates (�0 = 0:4 and �1 = 0:3), the service rate or
total capacity �� = 0:2, and � = 1. The cost values and
the rejection cost vary according to the di�erents examples
and are noted in each of them. We present in the last �g-
ure the di�erence in performance between average threshold
and optimal policies.

5 Conclusions

We have studied in this paper the problem of admission con-
trol of GP (guaranteed performance) sessions, taking into
account the impact on the performance of both GP as well
as BE (best e�ort) sessions. Using dynamic programming
techniques we were able to compute the optimal admission
policy. We studied its structure, as well as the the prop-
erties of the optimal cost. We then performed a numerical
study of several policies and compared their performance.
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Figure 7: Average Threshold vs Optimal Policies

The numerical study shows that the optimal policies can
be well approximated by threshold policies in terms of their
performance. The performance of both threshold as well as
the optimal policies are considerably better than the perfor-
mance of the greedy policy which does not take into consid-
eration the delay of BE sessions, and accepts GP sessions
whenever there is available bandwidth for them.
The fact that threshold policies perform considerably bet-
ter than the greedy one was already discovered in [9]. Our
analysis allows to justify the use of the threshold policies,
as they were shown to perform very well in comparison to
the optimal policies.
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