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Abstract— A desirable behavior of an Internet server is that
a request’s queueing delay depends on its service time in a
linear fashion. Measuring the quality of service in terms of
slowdown, the ratio of a request’s queueing delay to its service
time, provides a simple way to attain the objective. Moreover,
it treats client requests equally regardless of their service time,
whereas response time favors requests that need more processing
resources. In this paper, we propose a proportional slowdown
differentiation (PSD) service model on Internet servers. It aims to
maintain pre-specified slowdown ratios between different classes
of client requests. To provide PSD services, we first derive a
closed-form expression of the expected slowdown in an M/G/1
FCFS queueing system with the most typical heavy-tailed, the
bounded Pareto, service time distribution. Based on the closedform expression, we design a queueing-theoretic strategy of
processing-rate allocation. The rate allocation is realized by
deploying a virtual server for each class. Simulation results
show that the strategy can provide controllable PSD services
on Internet servers. It, however, comes along with large variance
and weak predictability due to the dynamics of Internet traffic.
To address these issues, we design an integral feedback controller
and integrate it into the queueing-theoretic strategy. Simulation
results demonstrate that the integrated strategy is robust and
can deliver predictable PSD services at a fine-grained level.
We implement the processing-rate allocation strategies in an
Apache Web server. Experimental results further demonstrate
their feasibility in practice.
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I. I NTRODUCTION
The past decade has seen an increasing demand for provisioning of different levels of quality of service (QoS) to
various network applications and customers. Differentiated
services (DiffServ) [7] is a major service architecture for
this requirement. Many algorithms have been proposed to
provide differentiated services in terms of queueing delay in
network core, such as proportional average delay [17], adaptive
waiting-time priority [32], and Little’s average delay [47]. For
example, in proportional average delay, a class’s priority is set
according to the average delay of its departed packets; a packet
from the highest priority class is transmitted. There are also
some efforts in differentiated loss service provisioning [15],
[26]. For example, in [26], the authors proposed an algorithm
in which a packet is dropped randomly based on its arrival

process so as to provide differentiated loss services in short
time-scales.
The end-to-end performance of Internet services is not
only affected by network core, but also by Internet servers.
Moreover, a desirable behavior of an Internet server is that a
request’s queueing delay depends on its service time in a linear
fashion, which implies that a request twice as long as some
other will spend on the average twice as long in the server [27].
Measuring quality of service in terms of slowdown [22], the
ratio of a request’s queueing delay to its service time, provides
a simple way to attain the objective. It treats client requests
equally regardless of their service time, whereas response time
favors requests that need more processing resources [22]. For
example, it is unreasonable to get the same average response
time (say 10 seconds) for a 10K bytes JPG file and also a
600K bytes PDF file. It becomes worse in Web servers since
most of Web objects are small in size [3].
Slowdown or its variant has been adopted as an important
metric of quality of service in recently designed QoS-aware
systems, including [6], [9], [14], [18], [19], [22], [23], [24],
[25], [43], [49]. For example, in [25], the authors proposed a
size-based scheduling algorithm that assigned high priorities
to requests with small service time so as to improve the
performance of Web servers in terms of mean slowdown and
mean response time. In these systems, a request experienced
smaller slowdown receives better quality of service than one
with larger slowdown.
Few work exists for providing differentiated services in
terms of slowdown. Although existing algorithms for proportional delay differentiation services in network core can be
tailored for provisioning of differentiated delay services on
Internet server [30], they are unable to provide PSD services.
Slowdown depends on the service time of a request, which
is costly, if not impossible, to predict a priori. In [51], the
authors proposed a service differentiation model in terms of
stretch factor, a variant of slowdown, for a cluster of servers.
Their strategy, however, is limited to servers in an M/M/1
queueing system.
In this paper, we propose a proportional slowdown differentiation (PSD) service model on Internet servers. It aims
to maintain pre-specified slowdown ratios between different

classes of client requests. As in [22], we model Internet servers
as an M/G/1 queueing system with bounded Pareto service
time distribution. We refer to this queueing model as M/GP /1
in the rest of this paper. To provide PSD services, we first derive a closed analytic form of the expected per-class slowdown.
Based on the expression, we develop a queueing-theoretic
strategy for processing-rate allocation. The processing rate
of a class is realized by virtual servers. Each virtual server
processes requests from the same class in an FCFS manner.
Simulation results verify that the queueing-theoretic strategy
can guarantee the controllability of PSD services on average.
Such services, however, come along with large variance and
weak predictability due to the dynamics of Internet traffic.
As a remedy, we design an integral feedback controller and
integrate it into the queueing-theoretic strategy. Simulation
results demonstrate that the integrated strategy is robust and
can deliver predictable PSD services at a fine-grained level. We
also implement the processing-rate allocation strategies in an
Apache Web server. Experimental results further demonstrate
their feasibility in practice.
The structure of the paper is as follows. Section II presents
the PSD service model. Section III discusses the slowdown
in an M/GP /1 queueing system. Section IV presents the
queueing-theoretic strategy of processing-rate allocation and
evaluates its performance. Section V introduces an integral
feedback controller, integrates it into the queueing-theoretic
strategy, and demonstrates the integrated strategy’s robustness
in providing superior fine-grained control over slowdown
ratios. Section VI presents our application-level implementations of these strategies and experimental results. Section VII
gives the related work in providing differentiated services and
Section VIII concludes the paper.

•
•
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Furthermore, to ensure the feasibility of PSD services,
the system should not be overloaded. Otherwise, a class’s
slowdown can become infinite according to queueing theory.
III. S LOWDOWN M ODELING IN AN M/GP /1 Q UEUEING
S YSTEM
As suggested in [22], we assume that an Internet server
can be modeled as an M/G/1 queueing system. In practice,
the client sessions follow an exponential distribution [33];
many measured computer workloads are heavy-tailed, such as
sizes of documents on a Web server [3], [4], and sizes of
FTP transfers on the Internet [42]. In general, a heavy-tailed
distribution is one for which
P r{X ≤ x} ∼ x−α ,

f (x) = αpα x−α−1 ,

α, p > 0, x ≥ p,

(3)

where α is the shape parameter. With respect to the fact
that there is some upper bound on a client request’s required
processing resource in practice, a bounded Pareto distribution
has been adopted to characterize the workloads on Internet
servers [4], [22]. Let x be a request’s service time. The
probability density function of the bounded Pareto distribution
is defined as

The PSD service model is to maintain pre-specified slowdown ratios between different classes. In the model, incoming
requests are classified into N classes. Note that the classification is based on service providers’ policies, such as service fee
paid by clients. It is independent of characteristics of requests.
Let Si (k) denote the average slowdown of class i computed
at sampling period k and δi its pre-specified differentiation
parameter. For class i and j, it requires

f (x) =

αpα
x−α−1 ,
1 − (p/q)α

α, p, q > 0,

where p ≤ x ≤ q. We refer to an M/G/1 queueing system
where the service time follow a bounded Pareto distribution
as an M/GP /1 system.
A. Preliminaries of Slowdown

1 ≤ i, j ≤ N.

(1)

Since α, p, and q are parameters of the bounded Pareto
distribution, for simplicity in notation, we define a function

Due to the constraint of the conservation law, the sum of
processing rates that are allocated to all classes must equal
to the capacity of the system. Let ci denote the processing
rate allocated to class i. The rate allocation subjects to the
constraint
N
X

0 < α < 2,

where X denotes the service time density distribution.
The most typical heavy-tailed distribution is Pareto distribution. Its probability density function is

II. P ROPORTIONAL S LOWDOWN D IFFERENTIATION
S ERVICE M ODEL

δi
Si (k)
= ,
Sj (k)
δj

Predictable. It requires the PSD services to be consistent
and independent of variations of class workloads.
Controllable. It means the quality differences between
classes should be adjustable via their differentiation parameters.
Fair. It means low priority classes should not be overcompromised, especially when workloads are high.

ci = 1.

K(α, p, q) =

αpα
.
1 − (p/q)α

The probability density function f (x) is rewritten as
f (x) = K(α, p, q)x−α−1 .

(2)

i=1

(4)

Let m1 , m−1 , m2 be its first moment (mean), the moment of
its reverse, and the second moment, respectively. Let w denote
a request’s queueing delay in an M/GP /1 FCFS queueing

The service model requires the provided PSD services to be
predictable, controllable, and fair.
2

Thus, on the virtual server i, we define the probability
density function of the bounded Pareto distribution as

system and λ the arrival rate of the requests. From (4), we
have:
m1 = E[X]
(
=

f (x) =

K(α,p,q)
K(α−1,p,q)

if α 6= 1,

(ln q − ln p)K(α, p, q) if α = 1;
K(α, p, q)
m−1 = E[X −1 ] =
;
K(α + 1, p, q)
K(α, p, q)
m2 = E[X 2 ] =
.
K(α − 2, p, q)

−α−1
f (x) = K(α, p, q)c−α
.
i x

(6)

It follows that
(

(7)

if α 6= 1,
if α = 1.

K(α, p, q)
.
K(α + 1, p, q)
1 K(α, p, q)
mi2 = 2
.
ci K(α − 2, p, q)

mi−1 = ci

(13)
(14)
(15)

By substitution with m1 , m−1 , and m2 in (5), (6), and (7),
we obtain the result of this lemma. This concludes the proof.

(8)

According to Lemma 1 and Lemma 2, we have the following theorem.
Theorem 1: Given an M/GP /1 FCFS queue on virtual
server i with processing capacity ci , and arrival rate λi , its
expected slowdown is

(9)

λi m2 m−1
.
(16)
2(ci − λi m1 )
Note that the M/GP /1 queue reduces to an M/D/1 queue
when the service time of all requests are the same. In an
M/D/1 FCFS system, (16) becomes

B. Slowdown on Internet Servers

Si = E[si ] =

We assume that the processing rate of an Internet server
can be proportionally allocated to a number of virtual servers
using the proportional-share resource scheduling mechanisms,
such as PGPS [40] and lottery scheduling [45]. Each virtual
server processes requests from a class in an FCFS manner. It
is an abstract concept in the sense that it can be a group of
child processes or threads in a multi-process or multi-thread
server [10].
Lemma 2: Given an M/GP /1 FCFS queue on a virtual
server i with processing capacity ci , let mi1 , mi−1 , and mi2
be the first moment (mean), the moment of its reverse, and
the second moment of the class i’s service time, respectively.
Then,
m1
,
ci
mi−1 = ci m−1 ,
m2
mi2 = 2 .
ci

1 K(α,p,q)
ci K(α−1,p,q)
1
ci (ln q − ln p)K(α, p, q)

mi1 =

Note that the slowdown formula follows from the fact that w
and x are independent random variables in an FCFS queue.

mi1 =

αpα
x−α−1 ,
− (p/q)α )

where α > 0 and p/ci ≤ x ≤ q/ci . With the notation
K(α, p, q), the probability density function is rewritten as

(5)

According to Pollaczek-Khinchin formula, we obtain the
expected slowdown shown in the following lemma.
Lemma 1: Given an M/GP /1 FCFS queue where the arrival process has rate λ on a server. Let w be a request’s
queueing delay. Then its expected queueing delay and slowdown are
λm2
,
E[w] =
2(1 − λm)
w
λm2 m−1
S = E[ ] = E[w]E[x−1 ] =
.
x
2(1 − λm1 )

cα
i (1

Si =

λi d
,
2(ci − λi d)

(17)

where d is the constant service time. This fixed-time queueing
model is valid in session-based e-Commerce applications. A
session is a sequence of requests of different types made by
a single customer during a single visit to a site. Requests at
some states such as home entry or register take approximately
the same service time.
IV. Q UEUEING - THEORETIC R ATE -A LLOCATION
S TRATEGY

(10)

In this section, we present a queueing-theoretic strategy for
PSD service provisioning. We evaluate the effectiveness of
the strategy with respect to the fairness, controllability, and
predictability requirements via comprehensive simulations.

(11)
(12)

Proof: On a virtual server with processing capacity 1,
the lower bound and upper bound of the bounded Pareto
distribution are p and q, respectively. On virtual server i with
processing capacity ci , because each class receives ci fraction
of processing capacity, a job takes 1/ci as long. The bounds
become p/ci and q/ci , respectively. According to (3), we have
Z q/ci
α
f (x)dx = cα
i (1 − (p/q) ).

A. Rate Allocation based on Queueing Theory
According to Theorem 1, we solve the processing-rate
allocation problem as defined by the PSD requirements in (1),
the constraint in (2), and class i’s expected slowdown (16).
The processing rate that needs to be allocated to class i thus
is
N
X
λi /δi
(1 −
λi m1 ).
ci = λi m1 + PN
i=1 λi /δi
i=1

p/ci
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(18)

Rate predictor

Equation (19) implies the following three basic properties
regarding the predictability and controllability of PSD services
due to the allocation strategy.
• Slowdown of a class increases with its request arrival rate.
• With the increase of the differentiation parameter of a
class, its slowdown increases while slowdown of all other
classes decreases.
• With the increase of a class’s load (request arrival rate),
a higher priority class causes a larger increase in its
slowdown than that of a lower priority class.

where it is the number of events (request arrivals) that affects
mean slowdown. Meanwhile, the number of events should
be reasonable large so that the scheduler can determine the
effect of resource allocation on the achieved slowdown ratio.
Therefore, in the simulation, the load was predicted for every
sampling period, which was measured as a thousand departed
requests. In these simulations, we applied moving average
method to predict a class’s load. A class’s predicted load is
the average of its past five sampling periods. The rate allocator
enforces the rate allocation set by the rate predictor for every
sampling period.
Simulation parameters were set as follows. The shape parameter (α) of the bounded Pareto distribution was set to 1.5,
as suggested in [17]. As indicated in [22], its lower bound and
upper bound were set to 0.1 and 100, respectively. We also
carried out experiments with larger upper bound settings to
evaluate its impact. All classes were assumed to have similar
load in long time-scales. As we shall see in Figure 7, the load
of a class is dynamic in short time-scales. In every experiment,
the simulator was first warmed up for 10 sampling periods, the
slowdown of a class was then measured for every following
sampling period. After 60 sampling periods, the measured
slowdown was averaged. Each reported result is an average
of 100 runs.
We have evaluated the performance of the queueingtheoretic strategy and the integrated strategy under different
workload settings. We varies the number of class, the arrival
rate ratio of the classes, the differentiation parameters. We have
also examined different methods, such as exponential moving
average, for load prediction. While we do not present all the
results due to space limitation, it worths noting that we did
not find any qualitative difference between them.

B. Simulation Model

C. Effectiveness of the Queueing-theoretic Strategy

We built a simulation model of an M/GP /1 queueing system. The model consisted of a number of request generators,
waiting queues, a rate predictor, a processing-rate allocator,
and a number of virtual servers. Figure 1 outlines the basic
structure of the simulation model.
The request generators produced requests with exponential
inter-arrival distribution and bounded Pareto size distribution
by modifying GNU scientific library [21]. We assume that a
request’s service time is proportional to its size. Note that the
number of classes in the PSD service model is usually rather
limited. It varied from 2 to 3 in many similar experiments
for proportional delay differentiation service provisioning [17],
[32]. In addition, as recommended in [38], a service provider
should support two or three different levels of services: premium, assured, or best-effort services. In the simulations, each
request was sent to the server and stored in its corresponding
waiting queue. Requests from the same class were processed
by a virtual server in an FCFS manner.
The rate predictor calculates the processing rate of a class
using predicted load of the class according to (18). As pointed
out in [44], to provide differentiated services, we need to
manipulate the probability distribution of a random process,

In this section, we show the effectiveness of the queueingtheoretic strategy by comparing the simulated slowdown with
the expected values calculated by (19) under various load
conditions. We first carried out simulations with two classes.
The results are depicted in Figure 2(a). To show the results in
a comparable way, the logarithmic y-axis is used. From this
figure, it is clear that there are very small differences between
the simulated and expected slowdown under various load
conditions. This indicates that the queueing-theoretic strategy
is able to guarantee the target slowdown ratio between these
two classes. We also evaluated the strategy’s effectiveness
under different target slowdown ratios and number of classes.
Their results are shown in Figure 2(b) and Figure 2(c). From
both figures we can observe that the target slowdown ratios
are always achieved. They demonstrate that the rate-allocation
strategy is able to achieve the expected slowdown effectively.
This provides the base for the following discussions on the
properties of the queueing-theoretic strategy.
Notice that the slowdown of a class increases with the increase of system load. This can be explained by (19). P
With the
N
increase of request arrival rates (system load), 1−m1 i=1 λi
PN
decreases and i=1 λi /δi increases. Therefore, Si increases.

waiting queue 1

Request
generator 1

Rate allocator
Virtual server 1

waiting queue N

Request
generator N

Fig. 1.

Virtual server N

Server
The simulation model’s structure.

The first term of (18) is a baseline that prevents the class from
being overloaded. By (16), if the class is overloaded, then
its average slowdown becomes infinite according to queueing
theory. The second term is a portion of surplus processing
rate determined by the class’s differentiation parameter and
the load condition (i.e., its normalized arrival rate). It controls
the quality differences between classes.
By substituting (18) into (16), we obtain the expected
slowdown of class i as
PN
δi m2 m−1 i=1 λi /δi
.
(19)
Si =
PN
2(1 − m1 i=1 λi )

4

40
35
30
25
20
15
10
5
0
0

10

Class 1 (simulated)
Class 2 (simulated)
Class 1 (expected)
Class 2 (expected)

1
0.1

0.01
0

Slowdown ratio

Slowdown

100

10

20

30

40 50 60 70
System load (%)

80

90

100

95th percentile
50th percentile
5th percentile

20

(a) Two classes (δ2 /δ1 = 2).

Class 1 (simulated)
Class 2 (simulated)
Class 1 (expected)
Class 2 (expected)

0.1

0.01
0

Slowdown ratio

Slowdown

100

1

10

20

30

40 50 60 70
System load (%)

80

90

100

Slowdown

10
1

80

100

Class 2/Class 1 (δ2/δ1=2)
Class 3/Class 1 (δ3/δ1=3)

8
6
4
2
0
0

(b) Two classes (δ2 /δ1 = 4).

100

40
60
System load (%)
(a) Two classes.

10

10

Class 2/Class 1 (δ2/δ1=2)
Class 2/Class 1 (δ2/δ1=4)
Class 2/Class 1 (δ2/δ1=8)

20

40
60
System load (%)

80

100

(b) Three classes.
Fig. 3.

Class 1 (simulated)
Class 2 (simulated)
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Achieved slowdown ratios due to the queueing-theoretic strategy.

abruptly [42], [48]. In the queueing-theoretic strategy, the
processing rate of a class is calculated according to a class’s
predicted load, which is difficult to predict accurately from
history information. Such inaccuracy in load prediction results
in large variance along with the achieved slowdown ratio.

0.1
0 10 20 30 40 50 60 70 80 90 100
System load (%)
(c) Three classes (δ3 /δ2 /δ1 = 3/2/1).
Fig. 2. Simulated and expected slowdown of different number of classes
and differentiation parameters.

Figure 3(a) also shows the provided PSD services violate
the predictability requirement when the target slowdown ratio
is small. For example, when δ2 /δ1 is 2 and the system load
is 10%, the 5th percentile of the achieved slowdown ratios is
smaller than 1. It means that the higher priority classes received worse services than the lower priority class sometimes.
In Section V we shall show how to provide predictable PSD
services at a fine-grained level.

D. Differentiation Predictability of the Strategy
Recall that the predictability of PSD services means the
slowdown of a higher priority class is proportionally smaller
than that of a lower priority class under different system load
conditions and time-scales. We carried out experiments to
examine the capability of the queueing-theoretic strategy in
supporting this property.
We first conducted experiments with different number of
classes (i.e., two classes and three classes). Figure 3(a) shows
the simulation results of two classes with different target
slowdown ratios. Figure 3(b) shows the simulation results
with three classes. In both figures, it can be observed that
the strategy guarantees the achieved slowdown ratios to be
around the target ones, which means a higher priority class has
proportionally smaller average slowdown than a lower priority
class in long time-scales.
We can observe from this figure that the variance of the
achieved slowdown ratios is large. For example, when the
system load is 50% and the target slowdown ratio is 4, the
difference between the 95th and the 5th percentile is 5. There
are two reasons for this. First, although the strategy is able
to control the average slowdown of a class by adjusting
the processing rate based on queueing theory, it provides no
way to control the variance of the slowdown simultaneously.
Second, the workload of a class is stochastic and may change

In order to demonstrate the differentiation predictability
due to the queueing-theoretic strategy in short time-scales,
we present the slowdown of individual requests in Figures 4.
It can be observed from Figure 4(a) and Figure 4(b) that,
although the target slowdown ratio of class 2 to class 1 is
2, sometimes requests from class 1 have larger slowdown
than class 2 and vice versa. Figure 4(c) and Figure 4(d) show
the results in heavy load conditions. It can be observed that
requests from class 1 experienced larger slowdown than those
from class 2. This behavior contradicts their target slowdown
ratios. Close analysis shows that the slowdown ratio of class
2 to class 1 is 0.33 instead of 2 during this period. More
experiments have been carried out to verify this behavior. It
is found that sometimes the behavior of individual requests
is consistent with their slowdown parameters, and sometimes
not. The results shown in these figures suggest that the
strategy is unable to provide predictable PSD services in short
time-scales. This is because the queueing-theoretic strategy
determines the processing rate allocated to a class periodically
according to its macro-behavior (predicted class load) rather
than the micro-behavior (individual requests’ slowdown).
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Simulated slowdown ratios with different number of classes.
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the prediction error. When the load of one class is predicted
inaccurately, it affects not only the processing rate allocated to
this class, but other classes as well. Hence, the situation may
become worse as the number of classes to be differentiated
increases.
It is obvious that the strategy can achieve the target slowdown ratios on average in both figures. They demonstrate
the capability of the strategy to control the slowdown ratios
between classes.
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F. Impact of the Shape Parameter and the Upper Bound
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In this part, we examine the impact of the shape parameter
α and the upper bound q of the bounded Pareto distribution
on the performance of the strategy. The shape parameter
determines the correlation of traffic requests. A large shape
parameter implies that the requests are independent with each
other in size. The upper bound reflects the heavy-tail property
of the bounded Pareto distribution.
Figure 6(a) shows the slowdown of two classes due to
different shape parameters (1.0 ≤ α ≤ 2.0). The first
observation is that the shape parameter has little impact on
the differentiation predictability due to the proposed rateallocation strategy. Both classes experienced the differentiated
slowdown as expected. The differences between the target
slowdown and the achieved ones are independent of the shape
parameter. This behavior can be explained by the fact that
there is no assumption about the shape parameter in the rateallocation strategy. The second important observation is that,
the slowdown of a class decreases as the shape parameter
increases. Intuitively, with the given lower and upper bounds,
the smaller the shape parameter α, more bursty the traffic [31].
A request may experience larger queueing delay than that
from a “smooth” traffic. Formally, by (7), (6), when the shape
parameter decreases, its second moment m2 increases, its m−1
decreases, and then its expected slowdown increases.

(d) System load is 90%.
Fig. 4.
tions.

Slowdown of individual requests with different system load condi-

E. Differentiation Controllability of the Strategy
In this section, we demonstrate the differentiation controllability due to the queueing-theoretic strategy. Figure 5(a) plots
the achieved slowdown ratios of two classes with different differentiation parameters. It can be seen that the target slowdown
ratios can be accurately achieved when they are small (e.g.,
δ2 /δ1 =2 or 4). As the increase of the target slowdown ratio,
the error becomes large due to load-prediction errors. From
(18), it is clear that the processing rate allocated to a class
is determined by its class load, its differentiation parameter,
and the system load. According to (18), the prediction errors
have larger impact on the achieved slowdown ratio with the
increase of the differentiation parameter.
Figure 5(b) depicts the simulated slowdown ratios for a
system with three classes. In comparison with Figure 5(a), it
can be seen that the variance of these ratios is larger than that
of the ratios with two classes. This behavior is also caused by
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short time-scales. We carried out simulations to quantify the
strategy’s limitations. Figure 7 show the simulated workloads, the predictions made using moving average method
and exponential moving average method, and the differences
between the real workloads and predictions. In the moving
average method, the workload of a class was predicted as
the average of sampled workloads in previous W indowSize
sampling periods. In the exponential moving average method,
the workload of a class was predicted as

2

(a) Impact of the shape parameter.

Slowdown

1000
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1

P redictLoad = (1 − W eight) × P redictLoad
+ W eight × SampleLoad,

Class 1 (simulated)
Class 2 (simulated)
Class 1 (expected)
Class 2 (expected)

100

100

1000
Upper bound

where 0 < W eight < 1 and SampleLoad is the workload
when a sample measurement is made. Different parameters
of these methods were examined. Because no qualitative
difference is observed, the results presented here are due
to W indowSize = 5 and W eight = 0.25. The simulated
workload is 0.8 on average.
It is clear that both prediction methods are able to capture
the trend of workload changes. In addition, the sum of the
differences is very close to zero. Therefore, the queueingtheoretic strategy is able to provide PSD services in long timescales.
In short time-scales, however, there are large differences
between the real workloads and the predictions. Such differences cause the rate allocation in queueing-theoretic strategies
inaccurate. Due to the dynamics of workloads, it is very
difficult to accurately predict the workload of a class from
history. Furthermore, queueing-theoretic strategies provide no
means to compensate the effect of the prediction errors.
Therefore, large variance is observed in Figure 3(a).
The prediction errors are the main reason behind large variance and weak predictability of the PSD services provided by
the queueing-theoretic strategy. Aforementioned, it is difficult
to predict a class’s load from history information. How to
reduce the impact of such prediction errors motivates the
design of our integrated processing-rate allocation strategy.

10000

(b) Impact of the upper bound.
Fig. 6.

Impact of the parameters of the bounded Pareto distribution.

The upper bound of the bounded Pareto distribution (p)
also affects the experienced slowdown of the M/GP /1 traffic.
Figure 6(b) presents the simulation results with different upper
bounds. It can be seen that the upper bound also has little
impact on the differentiation predictability due to the rateallocation strategy; that is, the differences between the experienced slowdown and expected ones are independent of the
upper bound. Second, the higher the upper bound, the larger
the expected slowdown of the classes. Note that the lower
bound of the bounded Pareto distribution (k) remains the same.
Intuitively, as the upper bound increases, the bounded Pareto
distribution becomes more heavy-tailed and the slowdown then
increases. By (7), (6), as the upper bound increases, the second
moment of the traffic m2 increases and m−1 remains almost
unchanged. We find that, in the M/GP /1 traffic model, as
the shape parameter increases, the slowdown decreases; as the
upper bound increases, the slowdown increases.
We can also observe that the variance of achieved slowdown
ratios is affected by the shape parameter and upper bound
settings. Notice that the y-axis is logarithmic. The variance
increases with the decreasing of the shape parameter and
the increasing of the upper bound. On one hand, for given
lower and upper bounds, a small shape parameter causes large
variance of the generated workload [31]. On the other hand,
as the upper bound increases, the bounded Pareto distribution
becomes more heavy-tailed. In both cases, more requests that
demand large amount of system resource are generated. Recall
that requests from the same class are processed using FCFS
discipline. Requests that behind a large request experience
large delay and slowdown. This further demonstrates that the
variance observed in Figure 5 is caused by traffic dynamics.

V. I NTEGRATED R ATE -A LLOCATION S TRATEGY WITH
F EEDBACK C ONTROL
Feedback control provides a sound way to measure and
compensate the effect of the disturbances introduced by the
prediction errors. Therefore, we take advantage of feedback
control theory to address the limitations of the queueingtheoretic strategy so as to provide predictable and fine-grained
PSD services.
A. Structure of the Integrated Strategy
In our strategy, feedback control theory is integrated into
queueing theory. Its basic structure is presented in Figure 8.
There are two major components in the system: a rate predictor
and a feedback controller. The rate predictor is to estimate the
processing rate of a class by (18). The feedback controller is to
adjust the rate allocation according to the difference between
the target slowdown ratio and the achieved one using integral
control.

G. Limitations of Queueing-theoretic Strategy
Despite the queueing-theoretic strategy can provide PSD
services in long time-scales, the inaccurate workload prediction caused by traffic dynamics limits its performance in
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1

1) The Feedback Controller: The feedback controller adjusts a class’s processing rate using integral control. Proportional integral derivative (PID) control is one of the most
classical control design techniques [20]. The advantage of
proportional controller lies on its simplicity. It, however,
cannot eliminate the steady-state error introduced in the process, which causes the target slowdown ratio unachievable.
Derivative control takes into account the change of errors and
has good responsiveness. Its drawback is that it is sensitive
to measurement noises, which are common in provisioning of
PSD services since we are essentially controlling a probability.
Integral control is able to eliminate the steady-state error and
avoid over-reactions to measurement noises.
To translate the PSD service model into the feedback control
framework shown in Figure 8, the control loops must be
determined first. In every loop, following aspects need to be
determined: (1) the reference input, (2) the error, and (3) the
output of the feedback control. In the integrated strategy, one
class, such as class 1, is selected as the base class, and a
control loop is associated with every other class. This leads to
a total of N − 1 control loops in the system.
In the control loop associated with class i, the reference
input in the kth sampling period is
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(21)

If the rate allocation suggested by the rate predictor is accurate
enough, the slowdown ratio error can be reduced to zero. In
practice, because of the variance of traffic, the rate predictor
cannot correct the error by itself. We define the error associated
with class i as

300

Exponential moving average

0.1

(20)

The output of the server is the achieved slowdown ratio of
class i to the base class

Load

0.9

δi (k)
.
δ1 (k)

δi (k)
Si (k)
−
δ1 (k) S1 (k)

(22)

for all k.

(23)

For class 1, we have

300

e1 (k) = 0

The performance of different workload prediction methods.

Recall that the PSD service model aims to maintain prespecified slowdown ratios between different classes. By (19),
we have
λi+1 c1 − λ1 m1
Si+1
=
.
(24)
S1
λ1 ci+1 − λi+1 m1

Requests
ũ(k)

Rate
predictor
b(k)
y(k)
u(k)
e(k)
r(k) P
Feedback ∆u(k) R
>
Server
controler
+ −

It suggests that slowdown ratios between classes can be
controlled by adjusting their processing-rate ratios. Therefore,
the integral feedback controller sums up the errors caused by
previous rate allocation and adjusts the processing-rate ratios
of class i to class 1 accordingly. The feedback controller output
then is

Fig. 8. The structure of the integrated strategy for PSD service provisioning.

∆ui (k) = ∆
8

c1 (k)
c1 (k − 1)
=∆
+ g · ei (k),
ci (k)
ci (k − 1)

(25)

where g is the control gain, which determines the adjustment
of the processing-rate ratio corresponding to the error.
The adjustment is incorporated with the rate predictor output
ũi (k) =

c1
.
ci

+g

R

Fig. 9.
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There are three points worth noting here. First, it indicates
that the processing rate of a class is affected by all errors
incurred in the past, which is the feature of integral control.
Second, a class’s processing rate is also affected by the errors
associated with other classes because of the requirement of
the conservation law. Third, it suggests that the control gain g
has great impact on the performance of the integrated strategy,
which we shall discuss in Section V-G.

Fig. 10.
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C. Simulation Model
We extended the simulation model shown in Figure 1
to include a feedback controller. Its structure is outlined in
Figure 9.
The feedback controller performs the integral control. It
measures the difference between the target slowdown ratio
and the achieved one for each class and then calculates rate
allocations based on (27). The result then is compared with
its rate limit. In the case that the calculated rate is larger than
its rate limit, the actual processing rate is set to the rate limit.
Simulation parameters were set as the same as those in
queueing-theoretic strategy except that the rate predictor estimates a class’s processing rate every 10 sampling periods.
In order to prevent sudden spikes in the sampled slowdown
ratio from causing large reactions in the controller, the slowdown ratio is smoothed using an exponential moving average
method, which is similar as the one discussed in Section IV-G
for workload prediction. Since there is no qualitative difference
between different settings of the weight, in this paper we only
present the result where the weight is 0.25.

B. Design Issues
In this subsection, we discuss three design issues of the
integrated strategy. First, recall that PSD services should be
predictable and fair, it requires the maximal processing rate
allocated to a class must be bounded so that no other classes
will be overloaded. Let bi denote bound of class i. The
processing rate of class i then is subject to constraint
1 ≤ i ≤ N.

waiting queue N

Request
generator N

1
 P

.
R
N
ei (k)dk · i=1 1/ cc1i + g ei (k)dk
(27)

ci ≤ bi ,

Rate allocator
Virtual server 1

By (2), (23), and (26), the processing rate of class i of
sampling period k + 1 thus is

c1
ci

waiting queue 1

Request
generator 1

Thus, the processing-rate allocation for next sampling period
k + 1 is calculated as
Z
c1 (k + 1)
c1
= ũi (k) + ∆ui (k) =
+ g ei (k)dk. (26)
ci (k + 1)
ci

ci (k + 1) = 

Feedback
controller

Rate predictor

(28)

The determination of the rate limit of a class will be presented
in Section V-F
Second, the control gain affects the performance of the
integrated strategy significantly. A controller with large gain
can respond quickly to errors. It, however, may cause large
oscillations. Therefore, to reduce the overshoot introduced by
the integral control, a small gain is preferred [44]. As we shall
demonstrate in Section V-G, a small control gain can reduce
the overshoot and the target slowdown ratio can be quickly
achieved as well.
Finally, according to (24), the slowdown ratio between two
classes depends on their class workloads. Such observation
implies that the processing rates should also be adjusted
according to class workloads. In our strategy, this is realized
by the rate predictor so as to respond to the workload changes
quickly.

D. Effectiveness of the Integrated Strategy
We first discuss the effectiveness of the integrated strategy
by investigating its macroscopic and microscopic behaviors.
The target slowdown ratios were set to 2, 4, and 8. Figure 10
gives the percentiles of the results due to the integrated
strategy.
In comparison with the results due to the queueing-theoretic
strategy as shown in Figure 3(a), it is clear that the integrated
strategy has much finer-grained control over slowdown ratios
than the queueing-theoretic strategy. For example, when the
system load is 50% and the target is set to 4, the difference
between the 95th and the 5th percentile is reduced from 5 in
the queueing-theoretic strategy to 0.5 in the integrated strategy.
Moreover, the observation that the slowdown ratios are
always larger than 1 means the PSD services are predictable,
9

whereas the queueing-theoretic strategy fails to meet this
requirement. These observations conclude that the integrated
strategy outperforms the queueing-theoretic strategy.
We next investigate the microscopic behaviors of these two
strategies under a system with different number of classes.
In these simulations, the system load was assumed to be 0.8.
Figure 11(a) presents the results with two classes. It shows
that, in the integrated strategy, the achieved slowdown ratio
starts to converge to the target value within 60 sampling
periods because the processing-rate allocation is adjusted
adaptively. On the other hand, the queueing-theoretic strategy
fails to provide PSD services because of traffic dynamics. Note
that this figure shows the microscopic behaviors (e.g., one
run) of these two strategies. The queueing-theoretic strategy
is able to achieve the target slowdown ratio on average, which
is demonstrated in Figure 3(a).
We also examine the impact of the processing-rate allocation
strategies on a class’s average queueing delay. Figure 11(b)
depicts the queueing delay ratios due to these two strategies.
It can be observed that the integrated strategy is able to provide
proportional delay differentiation services. According to (9),
the average slowdown of a class is proportional to its average
queueing delay. Therefore, when two classes have the same
m−1 , their average queueing delay ratio will be the same
as their slowdown ratio. This is a salient property of the
integrated strategy: providing differentiated services in terms
of slowdown and delay simultaneously. On the other hand, the
queueing-theoretic strategy cannot provide such differentiated
services because of its inaccurate rate allocation in one run.
Note that when requests of different classes follow different
service time distributions, the differentiated delay services are
not guaranteed.
Figure 12 shows the results with three classes. The long
term workload of a class was assumed to be 0.25. From this
figure we can see that, Although the achieved slowdown ratios
converge to the targets slower than that with two classes, the
integrated strategy can always achieve them. The queueingtheoretic strategy experiences difficulties in achieving the target slowdown ratios. These results further prove the superiority
of the integrated strategy.

It can be observed from Figure 13(b) that the average
slowdown of both classes changes according to their workload conditions. In addition, as shown in Figure 13(a), such
workload changes have little impact on the performance of
the integrated strategy. This is because the rate predictor can
quickly capture the changes of a class’s workload and estimate
its processing rate accordingly. Based on the estimation made
by the rate predictor, the feedback controller is able to reduce
the errors caused by changing workloads quickly.
We also investigated the integrated strategy’s robustness
with real trace. In the simulation, the workload was generated
based on the World Cup Soccer 98 server logs [3], which
is publicly available. The results are presented in Figure 14.
Because the simulated workload does not strictly meet the
M/GP /1 model, we can observe that the queueing-theoretic
strategy fails to provide PSD services. On the other hand,
in the integrated strategy, although the variation is clearly
larger than that with accurate model, the integral controller
can compensate the effect of the model inaccuracy and keep
the achieved slowdown ratio around the target. We also show
the results with rate predictor turned off. In comparison with
the integrated results, there are little differences between them.
This further suggests that robustness of the integrated strategy
comes from the integral controller.
F. Effect of the Rate Limit
As discussed in Section V-B, to provide predictable and
fair PSD services, the rate allocated to a class should have
an upper bound. In this subsection, we examine the effect of
the rate limit on the performance of the integrated strategy
and then discuss how to obtain an appropriate rate limit of a
class. To make analysis simple, in the simulations, we assumed
there existed two classes that have the same average load
in the system with the same rate limit. Moreover, the same
request stream was used in these simulations to make the
results comparable. Figure 15 shows the simulation results.
From this figure we can observe that, the larger the rate
limit, the slower the achieved slowdown ratio converges to the
target and the larger the variance is. For example, when the rate
limit was set to 0.8, it took more than 100 sampling periods
before the achieved slowdown ratio converged to the target;
when the rate limit was set to 0.6, it converged in 30 sampling
periods. It is because that, with a large rate limit of one class,
another class may be overloaded because its allocated rate
is not able to process the arrived requests in time and vice
versa. Such occasional overload causes large errors. In order
to reduce the errors, the rate allocation in next sampling period
is adjusted, which leads to large oscillations and slows the
convergence.
As the rate limit decreases, the converging rate is increased.
For example, with the rate limit was set to 0.52, the target
slowdown ratio is reached more quickly than when the limit
was set to 0.6. It, however, yields steady errors. We argue
that a too small rate limit can damage the capability of the
integrated strategy to reduce the variance. For example, when
the rate limit was set to 0.52, recall that both classes had the

E. Robustness of the Rate Allocation Strategy
We carried out simulations to investigate the strategy’s
robustness under changing workload conditions. In the simulation, the initial workloads of both classes were assumed
to be 0.4. At the 65th sampling period, the workload of
class 1 was decreased to 0.2 and then changed back after
the 115th sampling period. Figure 13(a) shows the average
slowdown of all processed requests. For example, at the 65th
sampling period, the result is the achieved slowdown average
over all requests processed between the 10th and the 65th
sampling periods. Figure 13(b) presents the average slowdown
of a class for every two sampling periods (e.g., at the 115th
sampling period, the value is the average slowdown of requests
processed during the 114th and the 115th sampling periods).
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same rate limit and due to the constraint of (2), the processing
rate that could be allocated to a class ranged from 0.52 to 0.48.
Hence, when an error happened, the integrated strategy was
unable to correct it effectively.
Essentially, the rate limit of a class depends on the basic
resource (e.g., the processing rate) demanded by other classes.
Aforementioned, the first term of (18) is the baseline required
by a class. Therefore, it is necessary that the rate allocated to
a class should be small enough to prevent other classes from
being overloaded. The rate limit of class i then is
X
bi = 1 −
λ j m1 .
(29)
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Achieved slowdown ratios due to the integrated strategy with
different shape parameters and upper bounds. δ2 /δ1 = 4.

frequent changes of slowdown in short time-scales frustrate
end users. Moreover, as shown in Figure 18(b), large control
gain causes excessive rate-allocation fluctuations and results
in high scheduling overhead. With respect to these considerations, a small control gain, such as 1 or 2, is preferred.

j=1...N,j6=i

Accordingly, the rate limit of both classes should be 0.6 in the
simulations. This constraint is verified by Figure 15: With the
rate limit was set to 0.6, the achieved slowdown ratio quickly
converges to the target with small variance.
G. Determination of the Control Gain

H. Impact of the Shape Parameter and Upper Bound

Aforementioned, the control gain g has significant impact
on the performance of the integrated strategy. We conducted
simulations to determine an appropriate setting. In these simulations, two classes were assumed. The results with different
control gains are shown in Figure 16.
From these results we can observe that, the larger the
control gain, the faster it converges to the target slowdown
ratio. With a large gain, the error is amplified. The feedback
controller, thus, responds more quickly than with a small
control gain. In addition, due to the rate limit of every class,
the variance is small even with large gains. Simulation with
different workload conditions were also carried out. They
yielded similar results as shown in this figure.
A large gain, however, may cause excessive slowdown oscillation of a class. In Figure 17, the average slowdown of class 2
with different gains is presented. The results are averaged over
every 5 sampling periods. It is clear that the average slowdown
becomes relative stable after the 75th sampling period when
the control gain is set to 1 or 2. In the situations where the
control gain is larger than 4, a large variance can always be
observed.
In essence, the oscillation of average slowdown is caused
by the changes of processing-rate allocation. Figure 18 shows
the results of the rate allocation with the control gain as
2 and 16. Recall that a class has a limit on its maximal
possible processing rate. The rate allocated to other classes,
therefore, has a lower bound. For example, in the simulation,
the rate limit of either class was around 0.75 and its minimal
processing rate then was around 0.25. These results show
that, with a large control gain, the processing rate of a class
oscillates between 0.75 and 0.25 for a longer time and more
frequently with a large gain 16 than a small gain 2. As a result,
excessive slowdown oscillations are observed.
As pointed out in Section V-B, to reduce the overshoots,
a small control gain is preferred. Aforementioned, slowdown
is used to measure the service quality received by clients. In
practice, a small slowdown oscillation is desirable. Large and

In this subsection, we examine the impact of the shape
parameter (α) and upper bound (q) of the bounded Pareto
distribution on the performance of the integrated strategy.
Figure 19 shows the 5th, 50th, and 95th percentiles of achieved
slowdown ratios between two classes with different shape
parameter (0 < α < 2) and upper bound settings (q =
100, 1000, 10000).
The first observation is that, with different shape parameter
and upper bound settings, the integrated strategy can always
achieve the target; that is, the 50th percentiles are always close
to the target. This further demonstrates the effectiveness and
robustness of the proposed strategy.
We can also observe that the variance of achieved slowdown
ratios is affected by the shape parameter and upper bound settings. Similar as the queueing-theoretic strategy’s behavior as
shown in Figure 6, the variance increases with the decreasing
of the shape parameter and the increasing of the upper bound.
How to further reduce the variance is one of our future work.
One possible solution is using shortest job first or shortest
remaining processing time first algorithms to schedule requests
from the same class. Thus, we can reduce the mean response
time and slowdown of small requests [11], [13], [22].
VI. I MPLEMENTATIONS AND E XPERIMENTAL R ESULTS
We implemented the integrated strategy on Apache Web
server 1.3.31 running on Linux 2.6. Apache Web server is
normally executed with multiple processes (or threads). At
the start-up, a parent server process sets up listening sockets
and creates a pool of child processes. The child processes then
listen on and accept client requests from these sockets. Recall
that, by (26), we can control the slowdown ratio between
two classes by manipulating their processing-rate ratio. Since
every child process in Apache Web server is identical, in
the implementation, we realize the processing-rate allocation
by controlling the number of child processes that a class is
allocated.
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A. Implementation Structure

our implementation, the Apache Web server was modified to
accept requests from the unix domain socket. When a child
process calls accept() on the unix domain socket, a signal
is sent to the rate allocator. Upon receiving such signal, the
rate allocator scans the waiting queues to check if there is
a backlogged class whose number of allocated processes is
larger than that it is occupying. If such class exists, its headof-line request and the class type are passed to the child
process through the unix domain socket; otherwise, a flag
is set. Whenever a new request arrives, the flag is checked
first and the waiting queues are rescanned. The rate allocator
also increases a counter that records the number of occupied
processes by the class. After handling a client request, the
child process sends the request’s class type back to the rate
allocator, which then decreases the corresponding counter. In
addition, the Apache Web server was modified so that the
processing time of an object is proportional to its size.

The implementation structure of the integrated strategy is
presented in Figure 20. It consists of a classifier, a rate
predictor, a feedback controller, and a rate allocator.
The classifier determines a request’s class according to rules
defined by service providers. In our implementation, the rules
are based on the request’s header information (e.g., IP address
and port number). To make simulation simple, a request’s
class type can also be determined randomly according to the
arrival ratio between classes. For example, for two classes,
the probability that a request to be classified as class 1 is
25% if the arrival ratio of class 1 to class 2 is 1/3. After
being classified, a request is stored in its corresponding waiting
queue. Associated with each waiting queue is a record of traffic
information, such as arrival rate and service time.
The rate predictor obtains the arrival rate and service time
from waiting queues and estimates the processing rate that a
class should be allocated according to (18).
The feedback controller inferences the achieved slowdown
ratios between different classes and calculates the processing
rate of a class according (27) by incorporating the rate
estimation from the rate predictor. It then sets the processing
rate (number of allocated processes) on the rate allocator.
The rate allocator enforces the processing-rate allocation. In

In practice, client-perceived performance of a Web server
is based on a whole web page, which can be a single file
or an html file with multiple embedded objects. According
to HTTP 1.1, a client first establishes a persistent connection
with the Web server and sends requests for the web page and
possible embedded objects. The queue delay of a web page
thus is defined as the time interval between the arrival of a
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connection request and the time the connection is passed to
a child process of Apache Web server. The service time is
defined as the time interval between the passing of connection
request and the time the response of the whole web page is
sent to the client. We determine the end of response based on
the “referer” header field of an HTTP request. An embedded
object uses this to indicate which web page it is contained.
Similar method is also proposed in [39]. Both the queueing
delay and the service time are measured on the Web server.
In order to provide end-to-end differentiated services, support
from network side is necessary [17], [47].

arrival ratio of class 1 to class 2 is randomly changed within
1/9 and 9/1 for every 3 seconds. Figure 21(a) depicts the
arrival rate of both classes for every 3 seconds. It indicates
that the workload of a class changes frequently and abruptly.
From Figure 21(b) we can observe that, although the workload
generated by SURGE does not strictly meet the M/GP /1
model, the achieved slowdown ratios can still be kept around
the target. This demonstrates that the integrated strategy is
effective in providing PSD services under realistic workload
configurations. It also shows that the suggested small control
gain is a good choice in a real system.
We also carried out experiments to evaluate the performance
of the integrated strategy under different target slowdown
ratios, different workloads, and multiple classes. Figure 22
shows the 5th, 50th, and 95th percentiles of achieved slowdown ratios. In these experiments, the workload has similar
configuration as shown in Figure 21(a). In Figure 22(a) we
can observe that the target ratios (2, 4, and 8) can be achieved
under different workload conditions. Figure 22(b) suggests
that the target ratios can also be achieved under multiple
classes. Furthermore, in both figures we can observe that the
variance of achieved ratios becomes relative large with the
increase of workloads. For example, in Figure 22(b), when
the number of UEs is 600 and 700, the difference between
the 95th and the 5th percentiles is 6.5 and 9.3, respectively.
In the implementation, to control the average slowdown of a
class, we control its average queueing delay by adjusting the
number of its allocated processes. Because all processes have
the same priority, this method has little impact on the service
time of a request. With the increase of workload, a class’s
average queueing delay increases. Therefore, the slowdown
and its variance increases. One possible solution is to control
the service time of a request by adjusting the priority of child
processes according to workload conditions. This will be part
of our future work.

B. Experimental Results
We conducted experiments to demonstrate the performance
of the integrated strategy. As shown in Figure 14(b), queueingtheoretic strategy fails to provide PSD services because the
realistic traffic has different characteristics from the queueing
model. The experimental environment consisted of four PCs
running on a 100 Mbps Ethernet. Each PC was a Dell PowerEdge 2450 configured with dual-processor (1 GHz Pentium
III) and 512 MB main memory. We installed one Apache Web
server on one PC while a commonly used Web traffic generator
SURGE [5] ran on other PCs. In the generated web objects, the
maximum number of embedded objects in a given page was
150 and the percentage of base, embedded, and loner objects
were 30%, 38%, and 32%, respectively. The workload of
emulated requests was controlled by adjusting the total number
of concurrent user equivalents (UEs) in SURGE. Note that the
fixed number of UEs does not affect the representativeness
(i.e., self-similarity and high dynamics) of the generated Web
traffic [5].
The Apache Web server was executed with support of HTTP
1.1. The maximal concurrent child server processes was set to
be 128. The system was first warmed up for 180 seconds.
After that, the controller was turned on. Since the sampling
period should be reasonable large so that the scheduler can
determine the effect of resource allocation on the achieved
slowdown ratio, the sampling period was set to 3 seconds and
the rate predictor estimates processing rate every 10 sampling
periods. The control gain in these experiments was set to 1 as
suggested in Section V-G.
We first conducted experiment to evaluate the effectiveness
of the integrated strategy. Figure 21 shows the workload
configurations and corresponding results. In this experiment,
we assumed there were two classes and the target slowdown
ratio was set to 4. The number of UEs was set to 300. The

VII. R ELATED W ORK
Providing differentiated services to network applications
and clients has become popular. In order to provide end-to-end
differentiated services, issues on both network-side and serverside should be addressed. On network side, many previous
efforts focused on providing queueing delay differentiation
and many packet scheduling algorithms have been proposed to
achieve proportional delay differentiation in network routers.
Representative algorithms include waiting time priority [16],
proportional average delay [17], mean delay proportional [37],
14

8

Integrated

Slowdown ratio

Request rate

100

Class 1
Class 2

6

4

50

2

0
180

460

560

660
760
Time (second)

860

0
0

960

120

(a) Workload configuration.
Fig. 21.

300

12
10
8
6
4
2
0
100

400
500
Number of UEs

600

700

800

(a) Two classes.
Fig. 22.

720

840

960

700

800

Performance of the integrated strategy where the target slowdown ratio is set to 4.

δ2/δ1=2 (Integrated)
δ2/δ1=4 (Integrated)
δ2/δ1=8 (Integrated)

200

360 480 600
Time (second)

(b) Achieved slowdown ratios.

Slowdown ratio

Slowdown ratio

24
20
16
12
8
4
0
100

240

δ2/δ1=2 (Integrated)
δ3/δ1=4 (Integrated)

200

300

400
500
Number of UEs

600

(b) Three classes.

Performance of the integrated strategy under different target ratios, different workloads, and multiple classes.

VirtualLength [46], and Little’s average delay [47]. These
kinds of algorithms can be tailored for providing differentiated
delay services on Internet servers [29].
Another important performance metric is loss rate. In [15]
and [26] the focus is on providing differentiated loss services
to different classes. For example, in [26], the authors proposed
an algorithm in which a packet’s drop probability is calculated
based on its arrival process so as to provide differentiated loss
services.
On the server side, a primary focus has been on prioritybased request scheduling with admission control for differentiated services in terms of response time. For example,
in an early work [2], the authors addresses strict priority
scheduling strategies for controlling CPU utilization in Web
content hosting servers. Service differentiation was introduced
by assigning strict priorities to requests for different content.
The results showed that service differentiation can be achieved
but the quality spacings among different classes cannot be
guaranteed by this kind of strict priority scheduling. One
objective of our work is to guarantee the quality spacings.
When a system is overloaded, admission control drops
requests from lower priority classes so as to guarantee service
quality received by those from higher priority classes [10],
[12], [29]. In this paper, we mainly focus on providing
differentiated services when resource demands of workloads
are within resource capacity of the system. This is complementary to the previous work on admission control for overload
protection and service differentiation.
Feedback control theory has been applied as an analytic
method for providing differentiated services. In [1], [34], [41],
the authors first used system identification to model Internet
servers based on their past behaviors. Then a closed-loop
system with an integral control law was applied to provide

differentiated services in which different classes had different
average queue length or queueing delay. Another example
is differentiated caching services in which different classes
have proportional cache hit ratios [28], [36]. In contrast, using
feedback control theory aside, our strategy takes advantage of
queueing theory to predict the processing rate that should be
allocated to a class according to its predicted load conditions.
The integration of queueing theory and feedback control
has been applied in providing differentiated delay services.
In [35], the authors extended the strategy presented in [44] to
implement relative delay differentiation services. The strategy
predicted the expected delay from a class’s load using queueing theory, and a feedback controller was used to adjust the
resource allocation based on the error between the achieved
delay ratio and the target one. A connection scheduler was
used as an actuator to control the relative delays of different
classes. In contrast, the objective of this paper is to provide
differentiated service in terms of slowdown, which needs
consideration of queueing delay as well as a request’s service
time.
Slowdown is an important performance metric of responsiveness because it is desirable that a request’s delay be
proportional to its processing requirement. In [22], the authors
evaluated online job assignment strategies in a distributed
server system, where the workload was also heavy-tailed and
job size was unknown to the scheduler. The primary objective
was to minimize mean slowdown of all jobs in the distributed
system. In contrast, we want to provide proportional slowdown
differentiation services to requests from different classes.
Slowdown is also commonly known as normalized response
time or stretch factor [25]. In [51], the authors adopted stretch
factor as the performance metric for service differentiation
in a cluster of Internet servers, which are modeled as an
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M/M/1 queueing system. We note that for an M/M/1 FCFS
queue with the unbounded exponential service time density
distribution, there is no valid stretch factor or slowdown
because m−1 is not existent. For an M/M/1 FCFS queue
with a bounded exponential service time distribution, there is
no closed-form expression for the stretch factor or slowdown
because m−1 only has a definite value when the lower bound
and the upper bound of service time are given. In addition,
recent Internet workload measurements indicate that for many
Web applications the exponential distribution is a poor model
for service time distribution and that a heavy-tailed distribution
is more accurate [3], [22]. In this paper, we investigate the
problem of processing-rate allocation for PSD provisioning
under a popular heavy-tailed traffic pattern (bounded Pareto).
There are also efforts in resource management for service
differentiation on multimedia servers; see [8], [50] for examples. Multimedia connections impose very different load
characteristics compared to those in traditional Web servers.
The quality of multimedia content, instead of responsiveness,
is often used as the primary QoS metric in service differentiation provisioning, such as image size and resolution, video
streaming bandwidth, etc. Content adaptation techniques, such
as video transcoding, are the enabling technologies. Note that
the work in this paper focuses on responsiveness differentiation on traditional Web servers.
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VIII. C ONCLUSION
Slowdown is an important performance metric of Internet
services because it takes into account the delay and service
time of a request simultaneously. Although delay and loss
rate have been studies in QoS-aware design for a long time,
there was little work in providing differentiated services in
terms of slowdown. In this paper, we have investigated the
problem of processing-rate allocation for PSD provisioning
on Internet servers. We have derived a closed-form expression
of the expected slowdown in an M/G/1 FCFS queueing
system with bounded Pareto service time distribution. We
have proposed a queueing-theoretic strategy for processingrate allocation. In order to improve the predictability of the
services and reduce the variance, we have developed and
integrated a feedback controller into the strategy. Simulation
results have showed that the queueing-theoretic strategy can
guarantee PSD services on average. The integrated strategy
achieves the objective at a fine-grained level. Our future work
will focus on implementing the strategies in Web servers and
evaluating their performance using real traces.
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