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ABSTRACT
In this paper we propose a packet scheduling scheme for ensuring
delay as a Quality of Service (QoS) requirement. For customers,
fair service is given while optimizing revenue of the network ser-
vice provider. Gradient type algorithm for updating the weights of
a packet scheduler is derived from a revenue-based optimization
problem in the logarithmic pricing scenario. Algorithm is simple
to implement. We compared algorithm with optimal brute-force
method. The weight updating procedure is independent on the as-
sumption of the connection’s statistical behavior, and therefore it is
robust against erroneous estimates of statistics.

Keywords
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1. INTRODUCTION
To provide quality of service to traffic flows in a network, the

packet scheduling discipline provided by a node (switch or router)
should accommodate the various bandwidth requirements of in-
coming flows that share the same outgoing link. Frame scheduling
becomes increasingly important when an outgoing interface is con-
gested. To handle this situation, network administrators can assign
weights to each of the different queues. This provides bandwidth
to higher priority applications (e.g. using IP precedence), yet still
fairly grants access to lower priority queues. The frame schedule
affords each queue the bandwidth allotted to it by the network ad-
ministrator.
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Based on the fluid traffic model, the generalized processor shar-
ing (GPS) discipline provides the delay and buffer occupancy bound
for guaranteeing the QoS [1]. A packet-by-packet version of the
algorithm, known as PGPS or Weighted Fair Queuing (WFQ), is
defined in terms of the GPS system [1, 2]. A serious problem with
this approach is its computational complexity. Various variants of
WFQ have been developed to address this problem. On the other
hand, if a fixed length packet is used, a simple round robin dis-
cipline such as the weighted round robin (WRR) could be used.
Since the WRR has a larger delay bound, to alleviate this, several
modification approaches of the WRR have been proposed. Another
QoS based queuing method is class based queuing (CBQ). By us-
ing CBQ and link-sharing mechanisms the link bandwidth can be
divided to a number of different classes, and the traffic can be iso-
lated between these classes. If individual traffic sources within
a class are to be given a service guarantee, an additional accep-
tance procedure must be deployed. This procedure will provide
a probabilistic, and less conservative, delay bound than that pro-
vided by sorted priority algorithms [3]. To address scheduling and
congestion problem more widely, [4] and [5] propose a network
architecture and an algorithm, called Core-Stateless Fair Queue-
ing (CSFQ), that reduces the implementation complexity and still
achieves approximately fair allocations. Their architecture differ-
entiates between edge and core nodes. Edge nodes handle per flow
management and core nodes do not have this functionality. Due
to that differentiation the proposed model can be efficiently imple-
mented at high speeds, and edge nodes themselves are simpler than
regular fair queuing nodes.

Traffic classification and pricing of the services are the issues we
need to combine. Many optimal pricing schemes have been pro-
posed to address this problem. Most of the approaches assume a
known user utility function and establish an optimization model to
either maximize the user benefit or provider revenue [6, 7]. How-
ever, the major problem with this kind of approach is that user
utility function can not be well defined in short term and some-
times even very difficully in long term. The effectiveness of such
schemes is still questionable. An alternative is to create a market
environment and let users bid for the network usage [8, 9]. This
type of approach does not assume a known user utility function
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Figure 1: An example of a packet scheduler with two classes

and achieves economic efficiency perfectly. However, the imple-
mentation overhead is quite significant in this case.

Our mechanism is designed to operate at an optimal point which
maximizes the system performance in terms of the number of users
served and the promised QoS requirements. This paper extends
our previous pricing and QoS research, in which the optimal link
allocation between traffic classes using different pricing scenarios
and the QoS were studied. The possibility of using revenue as the
criterion for updating weights in the WFQ service discipline case
was theoretically considered in linear and flat pricing scenario [10,
11]. In these cases, simple closed form updating rules were de-
veloped. However, in this paper we consider logarithmic pricing,
which leads to quite simple gradient type updating rule for optimiz-
ing revenue.

2. THE PACKET SCHEDULER AND DELAYS
In this section, we formulate expressions for delays of the data

traffic. Consider the packet scheduler in Fig. (1). There are now
two service classes. The Gold class customers pay most of the
money while getting best service, and the Silver class customers
pay least of the money.

Parameter ∆ti denotes time which passes when data is trans-
ferred through the queue i to the output in the switch, when wi = 1.
If the queue is almost empty, delay is small, and when the buffer
is full, it is large. Variable wi is the weight allocated for class i.
Constraint for weights wi is

m
X

i=1

wi = 1, wi > 0. (1)

Variables wi give weights, how long time queues i are served per
total time. Therefore, delay di in the queue i is actually

di =
∆ti

wi
. (2)

Without loss of generality, only non-empty queues are considered,
and therefore

wi 6= 0, i = 1, . . . , m, (3)

where m is number of service classes. When one queue becomes
empty, m → m − 1. Parameter Ni denotes the number of such
connections in the ith service class.

3. PRICING MODELS AND REVENUE MAX-
IMIZATION

We concentrate on the pricing and fair resource allocation from
the point of view of the customers. On the other hand, from the
point of view of the service provider, we try to maximize revenue.
First, we introduce the concept of pricing functions.

For delay, pricing functions are denoted by fi(d), where d is the
delay, and fi is decreasing with respect to d. In addition, fi(d) is
(strictly) convex with respect to d for ensuring revenue more than
−∞. Revenue obtained for one user in the class i is just fi

“

∆ti
wi

”

.
Because there are Ni connections in the class i with all having the
same delay, revenue corresponding to the delays in the class i is

Rdelay
i (wi) = Nifi

„

∆ti

wi

«

. (4)

In our study, we use logarithmic pricing function for delays. Then
pricing function has the form

fi(d) = − log(aid + bi), ai > 0, 0 < bi < 1. (5)

When delay is d = 0, f has the form

fi(0) = − log(bi). (6)

Because 0 < bi < 1:

fi(0) > 0. (7)

But this is desirable feature. If we denote higher priority classes by
smaller index, we have

bi < bj , i < j. (8)

ai > aj , i < j. (9)

Revenue is

R = −
m

X

i=1

Ni logc

„

ai∆ti

wi
+ bi

«

+ λ(1 −
m

X

i=1

wi), (10)

where λ is a Lagrangian penalty term. The gradient has the form

∂R

∂wi
=

Niai∆ti

ln c(ai∆tiwi + biw2
i )

− λ. (11)

Due to the constraint for the weights

λ = λ

m
X

k=1

wk =

m
X

k=1

λwk. (12)

Then we get

∂R

∂wi
=

Niai∆ti

ai∆tiwi + biw2
i

−
m

X

k=1

Nkak∆tk

ak∆tk + bkwk
. (13)

Concavity of the function is seen from the second order derivative.
It is

∂2R

∂w2
i

=
Niai∆ti

(ai∆ti + biwi)2

„

bi −
2bi

wi
− ai∆ti

w2
i

«

< 0. (14)

So R is concave, having strictly one maximum.
Because gradient shows the direction of largest increase of the

function R with respect to the variables wi, the weights are up-
dated according to the gradient algorithm. During one iteration
step, weights are updated according to the rule

1. Update weights

vi(t) = wi(t) + µ
∂R(N1(t), . . . , Nm(t), wi)

∂wi

˛

˛

˛

˛

wi=wi(t)

.

(15)

2. Perform scaling

wi(t + 1) =
vi(t)

Pm
j=1 vi(t)

. (16)



Here t denotes time, and Ni(t) shows that the number of connec-
tions vary as a function of time. Parameter µ is a forgetting factor,
which is either constant or depend inversely on the norm of the
gradient. It ensures time-varying nature of the weights due to the
nonstationary data traffic.

4. EXPERIMENTS

4.1 Setup
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Figure 2: Pricing functions for each class

The simulations were carried out on the NS-2 network simula-
tor [12] using the implementation of the Adaptive WFQ -scheduler
implemented in [13]. AWFQ-scheduler was used to update weights
dynamically every 0.1 seconds.

We compared gradient based approach to optimal brute force
method, in which weights were chosen by calculating all possible
weight combinations with a grid resolution of 0.01 and choosing
the one that gives the highest revenue. In the gradient based ap-
proach, iteration step defined in formulas (15) and (16) was used to
calculate new weights. Ten iterations were performed.

All client applications are divided into three different pricing
classes: Gold, Silver and Bronze respectively. Figure 2 shows log-
arithmic pricing curves used for each class. We can see from the
figure that the Gold class customers pay the most money when the
delay is minimal, but the price also quickly reduces as the delay
increases. For the Silver and the Bronze classes the price is lower
with low delay but the price does not reduce as fast as in the Gold
class when the delay increases. When delay increases the Bronze
class becomes the most expensive one.

The topology of the simulated network is shown in Figure 3. It
consists of a router with the Adaptive WFQ -scheduler, a destina-
tion server and a set of client nodes. The topology was kept simple
since the idea is to simulate how the implemented packet scheduler
behaves when there is one so called bottle neck link. In this topol-
ogy it is simpler to manage conditions so that bottle neck link is
shared between traffic of all classes based on algorithm’s results.
This way we can analyze the algorithm’s performance in control-
lable situations. It should be noted that the simulation scenario does
not correspond to real-life conditions when the traffic medium is
not always this congested. The main purpose of this research is to
study the behaviour of the algorithm in very congested conditions.

Details for each service class are shown in Table 1. All traffic
is transferred using the UDP protocol. A and b are parameters for

Figure 3: The topology of the simulated network.

logarithmic pricing function (5). Each connection was set to start
and stop sending data periodically.

Table 1: The characterics of the traffic
Gold Silver Bronze

a 1 0.5 0.25

b 0.03 0.1 0.3

Num of Conn. 0-40 0-30 0-20

Queue length 50 75 100

Type UDP

Bandwidth 256 kB

Packet size 1000 B

4.2 Results
Simulation results are presented in Figure 4. In the very start

of the brute force methods results, we can see that it reacts much
faster to the rapid rise of the amount of the customers. On the other
hand it causes the peak delay of lower classes to rise above 1800
milliseconds (see Figure 4f) when the gradient approach keeps the
delays below 1400 milliseconds (see Figure 4e).

In figures 4a and 4b are presented the evolution of weights with
given parameters in both gradient and brute force approach. Weight
update intervall was 0.1 seconds. As we can see, there are only
minor differences between the weights at each time.

Bandwidth in figures 4c and 4d show that our gradient approach
follows the optimal solution with minor differences. Bandwidth
for the Silver and Bronze class rises at approximately 40 and 80
seconds. This can be explained by noticing that number of flows is
low at these times (see Figure 5). At 40 seconds delay also drops
substantially for each class. For the Gold class delay stays always
on a good level considering e.g. a real-time video conversation or
a VoIP-call.

Figure 6 shows the evolution of the revenue. The final revenue
yielded by the algorithm is R = 218908. On the other hand, brute-
force method using 1/1000 resolution grid (wi = 0.001, ..., 0, 998)
is R = 221547. Thus Radaptive/Rbruteforce = 99 % in ten itera-
tions. Thus we can conclude that our adaptive mechanism produces
quite optimal revenue by using simple computations - brute-force
method has exponential complexity.
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(a) The evolution of weights (Gradient) (b) The evolution of weights (Brute)
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(c) Per-flow bandwidth of each class (Gradient) (d) Per-flow bandwidth of each class (Brute)
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Figure 4: Simulation results.
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Figure 5: Evolution of flows.
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Figure 6: Revenue curve of the gradient and brute force ap-
proach as a function of time.

5. DISCUSSION
We make the following conclusions shown by algorithm and ex-

periments:

• In the pricing scenario, we have derived analytic form to the
revenue and gradient algorithm for updating the weights wi,
which allocate data traffic to the connections of different ser-
vice classes.

• The updating procedure is deterministic, i.e. it does not make
any assumptions of the statistical behavior of the traffic and
connections. Thus it is robust against the errors that may
occur from the wrong models.

• Algorithm is unique and optimal, which have been proved by
Lagrangian optimization method.

• Minimum bandwidth can be guaranteed in call admission
mechanism by adding a specific constraint to the updating
rule. This feature is studied later.

• Because gain factors are positive, all classes obtain service
in fair way.

6. CONCLUSIONS
In this paper, we presented adaptive algorithm for optimizing the

network operator revenue and for ensuring delay as QoS require-
ment. We derived the algorithm from a revenue-based optimiza-
tion problem. Also CAC mechanism can be used in the connection
level. In the experiments we simulated the operation of the adaptive
algorithm and compared it with a brute-force method. The obtained
results show that by using the adaptive weights the revenue is the
same than with the brute-force method. Our algorithm is deter-
ministic, and thus we believe that in practical environments it is a
competitive candidate due to its robustness.
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