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Abstract

The unexpected and continuous changes of the workload
reaching any Internet-based service make really difficult to
guarantee a balanced utilization of the server resources. In
this paper, we propose a novel class of state-aware dis-
patching algorithms that take into account not only the
present resource load but also the behavioral trend of the
server load, that is, whether it is increasing, decreasing or
oscillating. We apply one algorithm of this class to a multi-
tier Web-based system and demonstrate that it is able to im-
prove load balancing of the most critical server resources.

1 Introduction

The infrastructures that support Internet-based services
are critical systems because they are typically designed and
provisioned on the basis of some ideas about the work-
load reaching them but without any guarantee about the
real characteristics and service demands. For these rea-
sons, satisfying high performance, scalability and avail-
ability requirements remains a tough issue. An ade-
quate management of these complex systems requires sev-
eral efficient algorithms for load balancing the server re-
sources [9], for controlling admissions in the case of unex-
pected hotspots [14, 22], for process dispatching and redi-
rection even at a geographical scale [15]. Most of these al-
gorithms and mechanisms are based on an evaluation of the
load conditions of system resources (e.g., CPU, disk, net-
work, memory) through the periodic sampling ofresource
load measures(e.g., CPU utilization, process load, disk
throughput, bandwidth). The problem is that the behavior
of a resource seen from samples appears extremely vari-
able with several noise components. Hence, these measures
are of little help for distinguishing overload conditions from
transient peaks, for understanding load trends and for antic-
ipating future conditions, that are of utmost importance for
taking correct management decisions.

We propose a novel approach where run-time manage-
ment algorithms do not consider just the values coming
from measurements, but they can take decisions by eval-
uating also the behavioral trend of the server load, that is,
whether it is increasing, decreasing or oscillating. In partic-
ular, in this paper we focus on state-aware dispatching al-
gorithms in a locally distributed Web system, but the reader
should be aware that other run-time management algorithms
could benefit of the proposed approach.

Other reasons for considering behavioral trend instead of
simple measures come from the observation that the work-
load reaching most Internet-based systems is typically non
stationary and it is characterized by heavy-tailed distribu-
tions [4, 16] and flash crowds [21] that is, sudden peaks of
requests that may exceed the capacity of a resource. These
characteristics contribute to augment the skew of resource
sample distributions. Moreover, raw data tend to become
obsolete rather quickly [17], with the consequence that long
sample periods reduce the effectiveness of resource load
measures as indicators of the real load conditions. These
characteristics of server-based measures make really diffi-
cult (if not impossible) to deduce a reliable instantaneous
load representation and a clear description about the load
trend of a resource, for example to find out whether it is of-
floading, overloading or stabilizing. Hence, it is important
that the behavior of system resources supporting Internet-
based services are not inferred from raw data, but through
someresource load representation.

In this paper, we present the main idea of the load trend-
aware algorithms and propose an application in the context
of a dispatching algorithm for a locally distributed Web-
server system. To this purpose, we implement a prototype
of a modern multi-tier Web-based system that integrates
a load trend-aware dispatching algorithm in the front-end
dispatcher of the cluster system. Our experimental results
show that the proposed trend-aware algorithm is able to
improve server load balance and the overall performance
of the distributed Web system with respect to a traditional
weighted round-robin algorithm [20] that is one of the pre-
ferred load-aware policies because of its simplicity and sta-
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bility. We should consider that there is a large literature on
load balancing algorithms for Web cluster systems (e.g., [9]
and therein citations, [11, 23]), but most of them refer to
another generation of Web systems, where requests were
mainly for static resources and dispatching was carried out
mainly among HTTP servers. In modern Web systems, al-
most all the responses are dynamically generated and the
load balancer forwards the large majority of requests di-
rectly to the application servers (additional details are in
Section 2). In this context, it is quite innovative to find an
algorithm that shows both a better stability of the system
node loads and a reduction of the overall response time for
a Web resource.

The remainder of this paper is organized as following.
Section 2 describes the Web cluster architecture and the na-
ture of the load measures that can be obtained from the sys-
tem monitors. Section 3 presents the load trend approach
and offers a mathematical motivation for its use. Section 4
proposes an example of load trend-aware algorithm that is
integrated into the request dispatcher of a modern Web clus-
ter. Section 5 presents the experimental results. Section 6
concludes the paper with some final remarks.

2 Web systems and measures

In modern Web systems, the large majority of responses
are dynamically generated. Hence, the traditional multi-tier
architecture consisting of the HTTP server layer, the appli-
cation server layer and the database server layer is being
replaced by architectures where the application servers play
a more important role.

We cannot enter into the details of the complexity of the
modern Web systems consisting of a large set of different
servers providing several applications. A simplified, still
realistic, version of the architecture that we use as testbed
for measurements and for the experimental results, is de-
scribed in Figure 1. The system is based on the implemen-
tation presented in [8]. The application servers are deployed
through the Tomcat servlet container, and are connected to
MySQL database servers. In our experiments, we exercise
the system through real traces; each experiment extents for
30 minutes.

Managing large numbers of requests (possibly hotspots)
among these locally distributed systems requires smart poli-
cies that must take important decisions at run-time. All
these algorithms have the necessity of evaluating the load
condition of hardware and software system resources and
the ability of recognizing and, possibly, forecasting the crit-
ical situations. The main problem is that the view of any
resource load that is obtained from system monitors is ex-
tremely variable. In Figure 2(a), we report the typical be-
havior of the CPU utilization in a Web-based system that is
reached by a stationary request arrival rate.

Figure 1. Web system architecture

From Figure 2(a), we can have a first idea that any run-
time decision based on these highly variable load values
may lead to wrong actions, because, at a certain instant, it is
impossible to judge whether and when a resource is really
overloaded or not. We give a mathematical confirmation
of the visual conclusion by evaluating the spectral analysis
of the measurement values shown in Figure 2(b). This fig-
ure is obtained by computing the Fast Fourier Transform of
the signal coming from the CPU utilization measures [6].
From these results, we can see that the CPU utilization sig-
nal has a uniform distribution of the noise at all frequencies,
that is typical of a white noise perturbation [10]. A white
noise presence means that there is an uncorrelated behavior
among all the measured values, hence every signal charac-
terized by white noise appears unpredictable with respect to
the previous values.

We should observe that the analysis and conclusions
shown for the CPU, are valid for the large majority of
the system resources, such as disk utilization and network
throughput. Hence, unlike other contexts [5, 13], we claim
that for systems supporting Internet-based services it is not
convenient to let managing algorithms work directly on re-
source measures that exhibit white noise perturbations. A
first step to address the high variability issue coming from
measurements was done in [1]. In that paper, we demon-
strated that it is preferable to operate on a “representation”
of the load behavior of the system resources instead of
working on direct resource measures. To reduce the noise
of the resource samples, we proposed the use of aggrega-
tion models, such as the exponential moving average. These
models work finely even when the offered load is character-
ized by heavy-tailed distributions, but it is rather stationary.
Unfortunately, the load reaching an Internet-based systemis
stationary just on short terms and, even in absence of flash
crowds, it tends to be oscillatory [3].

In this paper, we observe that the aggregation models are
useful to reduce the noise of the resource measures, but they
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(a) Measurements (b) Data spectrum

Figure 2. Spectral analysis of the CPU utilization measures at the database server

offer a limited view of the load condition of a resource, in
the sense that, even when they are aggregated, they offer
only an instantaneous description. On the other hand, we
think that it is important for a run-time dispatching algo-
rithm to know not only an instantaneous load representa-
tion, but also some information about how a resource has
reached that load state and where it is going: is it stable,
increasing, decreasing, oscillatory?

Hence, we propose an algorithm that bases its dispatch-
ing decisions both on the resource load representation and
on its behavioral trend. For this reason, we call itload
trend-aware algorithm. The idea is that a twofold view
should improve the decisions and the performance even
when the system is subject to non stationary workloads.

3 Trend-aware strategy

The load representation of a resource is evaluated as a
function of multiple resource measures in the past observa-
tion interval. These functions should offer to the manage-
ment algorithm a representative view of the load conditions
and any other information that is useful for its objectives.
Albeit the load representation offers a view of the load con-
dition better than that achievable by simple measures, we
think that it is not sufficient to understand the behavior of
the system load when multiple resources are involved. The
trend-aware strategy is characterized by three steps:

• the identification of adequate load resource indexes;

• the computation of aload representationthat gives a
fairly reliable interpretation of the load state in the last
observation interval;

• the evaluation of theload trendthat gives information
about how the observed resource is behaving with re-
spect to the past load representations: is it increasing,
decreasing or oscillating?

The importance of considering the load trend comes
from the necessity of comparing the resource load not only
in absolute terms. Indeed, a similar approach would lead to

wrong management decisions when the workload is not sta-
tionary and the resource load measures are extremely vari-
able. Let us consider, for example, the request dispatching
problem in a simple distributed system consisting of two
servers. Moreover, let us assume that the load representa-
tion vectors in the past three intervals are equal to [0.3, 0.4,
0.5] and [0.8, 0.7, 0.6] for server 1 and 2, respectively. A
typical dispatching algorithm would probably assign an in-
coming request to server 1 because in absolute terms is less
loaded than server 2. On the other hand, we think that server
2 should receive the request, because its load is decreasing
while the load of the server 1 keeps increasing, although in
absolute terms the first load is lower than the second load.

For the description of a trend-aware algorithm, we need
to compute a reliable load representation of an adequate re-
source index, and then to evaluate the load trend. To this
purpose, for each system resource, we consider the function
Load(si, . . . , si−n+1) : R

n → R that, at timeti, takes as
its input the resource measuressi, . . . , si−n+1 and gives a
representation of the resource load conditions (namely,li).
A continuous application ofLoad produces a series of load
values filtered from outliers and yields a more stable view
about the resource load. Typical examples of functions for
computing the load representation are the so called mov-
ing averages that are widely adopted in econometrics [18].
These models smooth the peaks of the resource measures,
but they introduce some delays in the load representation
process. We have shown that these models work finely
when the amount of load (including the number of users)
is almost stationary even if the workload is characterized by
heavy-tailed distributions.

When the offered load is variable, as it typically oc-
curs even when there are no hotspots, we find useful to in-
tegrate the load representation with atrend load analyzer
Trend(li, . . . , li−m+1) : R

m → R. This analyzer takes as
its input the last values of the resource load representation
Load, and extracts a behavioral trend (for example,ascend-
ing, descending, or oscillating) out of these values. The
load representation and the trend can be used by atrend-
aware algorithmto compute thecontrol signalsthat drive
its decisions. From this approach we may derive a new dis-
patching algorithm that bases its decisions both on the re-
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source load representation and on the load trend behavior.

4 A trend-aware algorithm for load balanc-
ing

In this section we illustrate the design of a trend-aware
representation process that is used to balance the load across
the different nodes of a distributed infrastructure. Although
the proposed mechanism has been implemented and inte-
grated into the system presented in Figure 1, we think that
the proposed framework can be applied to other distributed
systems.

4.1 Load representation

Throughout this paper, we assume that a multi-tier dis-
tributed system is characterized by differentcomputational
chains(briefly, chains) C1, . . . , CC , where each chain is a
set of nodes that cooperate to receive a request, generate
a response and send it back to the client. We represent
the load of a computational chain through the load of its
most representative resource, that corresponds to the sys-
tem bottleneck. Thus, we will consider the vector

−→
R =

(R1, . . . , RC) of the representative resources in the system
(and the corresponding load representations) as the basis for
load balancing. In the considered system, there is no doubt
that the representative resources are the CPU utilizationsof
the database servers [12].

The considered load representation is the Exponential
Moving Average that is the weighted mean of then resource
measures of the vector−→si = (si, . . . , si−n+1), where the
weights decrease exponentially. An EMA-based load repre-
sentation, at timeti, for the representative resource of chain
Cc is equal to:

lci (
−→s i) = α ∗ si + (1 − α) ∗ lci (

−→s i−1) (1)

where the parameterα = 2/(n+1) is thesmoothing factor.
The initial lci (

−→s n−1) value is initialized to the arithmetical
mean of the firstn measures:

lci (
−→s n−1) =

∑

0≤j≤n

sj

n
(2)

The number of considered resource measures is a parameter
of the EMA-based load representation [1]. A preliminary
analysis of the statistical characteristics of the considered
workload and related resource measures lets us conclude
that working on the 60 past measures guarantees an ade-
quate load representation.

4.2 Load trend analyzer

Let
−→
l c

i = (lci , . . . , l
c
i−m+1) be the set ofm past values

of the load representation concerning the chainCc. A se-

quence ofm values identifies3m−1 different trends. For
example, if we consider two load points, then we have three
possible trends: increasing, decreasing and stable. Aug-
menting them value, the number of possible combina-
tions of the trends increases and their management becomes
problematic. In this paper, we find convenient to consider
m = 3 in order to solve the trade-off between a simple man-
agement and a representative trend. As shown in Figure 3,
whenm = 3, there are 9 possible load trends that can be
grouped into 4 classes: increasing, decreasing, oscillating
and stable. In particular,

• an “increasing trend” denotes a continuous increment
of the resource loads, that is,lci−2 < lci−1 < lci ;

• a “decreasing trend” characterizes a continuous reduc-
tion of the resource loads, that is,lci−2 > lci−1 > lci ;

• an “oscillating trend” appears when the past values of
load representations have an alternating tendency, for
example whenlci−2 > lci−1 < lci or lci−2 < lci−1 > lci .

• a “stable trend” is included only for completeness rea-
sons, because it is unlikely thatlci−2 = lci−1 = lci .

LetEC = (increasing, decreasing, oscillating, stable)
be the set of classes associated to the trend of the last 3
values of the load representation. Theload trend analyzer

is a functionTrend(
−→
l ) : (lci , l

c
i−1, l

c
i−2) → EC, that takes

the last3 values of the load representation and maps them
into one of the classeseci ∈ EC.

Figure 3. Trend load representation

4.3 Trend-aware algorithm

We introduce a novel trend-aware dispatching algorithm
that takes advantages of some resource load representation
and information about its trend. The main goal of this al-
gorithm is to improve load balancing especially in the pres-
ence of unstable workloads. To this purpose, the algorithm
produces control signals that are set as the maximum work
capacities of the computational chains. The control signals
are continuously adapted to workload changes so that the
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load representations of the considered resources convergeto
the same value, that we callreference load(Li, at the eval-
uation phasei). The following important operations need to
be carried out.

Reference load.There are many possible choices for a ref-
erence load of the server nodes. For the scope of this
paper, we consider the arithmetical average of the last
load representationlci of each computation chainCc

that is,Li =
P

C

c=1
lc
i

C
(see Figure 4).

Direction of the control action. The algorithm uses a con-
trol signal to drives the quantity of work that should be
assigned to each chain. To this purpose, it compares
the reference loadLi with the load representation of
each chainlci to understand whether its control signal
has to be increased or reduced. If the most recent load
representation exceeds the reference load (lci > Li),
thecontrol directioncdc

i is set to -1 and the algorithm
reduces the number of assignments to this chain. Oth-
erwise, if the most recent load representation is below
the reference load (lci < Li), thencdc

i is set to +1 and
the algorithm amplifies the control signal.

Strength of the control action. Once known the direction
of the control signal, the algorithm has to decide a
proper value of each control action. To this purpose,
it evaluates the effects of the previously applied con-
trol signals. It verifies whether the load across dif-
ferent computational chains is balanced by computing
the load error ǫc

i as the difference between the last
load representationlci and the reference load:ǫc

i =
‖lci − Li‖. The goal is to choose the control signal
strengths so thatǫc

i is kept reasonably close to 0 for all
the chains.

Choosing the strength of the control signalcsc
i proportion-

ally just to the value of the lastǫc
i has a drawback, be-

cause the dispatching algorithm cannot distinguish when
the load representationlci is reaching or leaving the refer-
ence loadLi. On the other hand, following the idea that
the trend and not just the last value should be taken into
account, we want to contrast an increasing load error trend
through a higher control signal strength, and to reduce the
control signal strength when the load error decreases (even
to prevent oscillations). For this reason, the proposed al-
gorithm does not evaluate justǫc

i , but it analyzes the trend
of the last three load errors that are described by the vec-
tor lec

i = (ǫc
i , ǫ

c
i−1, ǫ

c
i−2) for each chainc. The control

signal strengths are computed according to the proper load
error trend and stored in thedifference signal∆csc

i vari-
ables. The difference signal will be summed to (or sub-
tracted from) the previous control signal for the chainc. The
computation of the difference signal is as follows. Its initial
value corresponds to the lowest signal and it should never

exceed the range of the control signals. If the load error
trend is increasing, the previous control signals are not bal-
ancing the load. Hence, the algorithm doubles the strength
of the difference signal with respect to the previous phase
(∆csc

i = ∆csc
i−1 ∗ 2). If the load error trend is decreasing,

the previous control signals are beginning to influence load
balancing. In this case, the algorithm reduces the strength
of the difference signal: (∆csc

i = ∆csc
i−1/2). If the load

error trend oscillates, the strength of the difference signal is
reduced: (∆csc

i = ∆csc
i−1/2).

At each step, the dispatching algorithm computes the
new control signals for every chain ascsc

i+1 = csc
i + cdc

i ∗
∆csc

i , and scales this value to an appropriate interval. In our
implementation, these capacities are used as the weights of
a trend-aware Weighted Round Robin algorithm that dis-
patches requests in a locally distributed Web system.

Figure 4. Reference load and trends

5 Experimental results

In this section we evaluate the performance of the trend-
aware algorithm by considering two workload models:

Stationary scenario: this model emulates a stable work-
load that is characterized by a population of 120 emu-
lated browsers issuing requests for 10 minutes;

Non stationary scenario: this model denotes a workload
characterized by a gradual increment of the population
from 80 up to 200 emulated browsers during 5 min-
utes; the increment is followed by a symmetric decre-
ment of the client population.

For both scenarios, we evaluate two important perfor-
mance factors: the quality of load balancing and the impact
of dispatching on the response time. As the performance
measure, we consider the90-percentile of the response time
for a Web request. For the quality of load balancing, we
consider theLoad Balance Metric[7] (LBM) that measures
the degree of balance across different nodes. Let us define
the load of the nodej at thei-th observation (of the obser-
vation periodm) as loadj,i, andpeakloadi as the highest
node load in the same observation. The LBM is defined as:

LBM =

∑

1≤i≤m

peak loadi

(
∑

1≤i≤m

∑

1≤j≤n

loadj,i)/n
(3)
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(a) Sample-based dispatching

 0

 0.2

 0.4

 0.6

 0.8

 1

 100  200  300  400  500

C
P

U
 u

til
iz

at
io

n

Time [s]

DB 1
DB 2
DB 3

(b) EMA-based dispatching
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(c) Trend-aware dispatching

Figure 5. Load balancing in a stationary scenario.
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(b) EMA-based dispatching
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(c) Trend-aware dispatching

Figure 6. Load balancing in a non stationary scenario.

wheren is the total number of nodes. Note that the value of
the LBM can range from 1 to the number of nodes (n = 3 in
the considered system). Smaller values of the LBM indicate
a better load balance.

We compare three versions of the weighted round robin
(WRR) policy [19], where the weights are computed by
using three different pieces of load information: the sam-
ples of the CPU utilization (this is the traditional dynamic
version of the WRR algorithm proposed in literature); the
last load representation of the CPU utilization that is ob-
tained through the EMA model on the basis of the last 60
resource load measures (novel algorithm proposed for the
sake of comparison); the trend-aware load representation
that is proposed in this paper.

The effects on the CPU utilization of the three nodes are
reported in Figures 5 and 6. The Figure 5 shows the load, fil-
tered by the noise component, on the three database servers
when the load is stationary. We can see that the type of
load information (sample, EMA, trend-aware) plays a cru-
cial role in load balancing. Using the resource measures
(Figure 5(a)), the system nodes are really unbalanced. On
the other hand, the load representation based on the EMA
model (Figure 5(b)) improves the quality of dispatching as
it is shown by the fairly balanced conditions of the three
database servers. An even better result is shown in Fig-
ure 5(c), where the dispatcher is based on the proposed

trend-aware algorithm.

In the scenario characterized by non stationary workload,
the differences among the three dispatching algorithms be-
come more evident. In particular, we can see that in this
scenario even the dispatching algorithm based on EMA 6(b)
is unable to balance the load. On the other hand, the trend-
aware algorithm guarantees the most balanced system (Fig-
ure 6 (c)) during the entire experiment.

In Table 1 we give a quantitative summary of the main
performance metrics for the three dispatching mechanisms
and the two workload models. In the stationary scenario, the
results of the EMA-based and the trend-aware dispatching
algorithm are similar. They achieve the best load balance
in terms of LBM and the best performance in terms of 90-
percentile of the response time for a Web request.

However, the real benefits of the trend-aware algorithm
can be appreciated in the more realistic non stationary work-
load. In this case, the difference between the LBM of the
sample-based algorithm and that of the trend-aware algo-
rithm increases considerably, ranging from about 10% to
more than 20% when passing from the stationary scenario
to a non stationary scenario. The reduction of the 90-
percentile of the response time (from 450ms for the sample-
based algorithm to 370ms for the trend-aware algorithm)
confirms the capacity of the trend-aware dispatching algo-
rithm to manage a complex distributed system even in the
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Table 1. Performance evaluation of the dispatching algorithms.
Stationary workload Non stationary workload

Sample-based EMA-based Trend-aware Sample-based EMA-based Trend-aware
LBM 1.61 1.39 1.38 1.85 1.54 1.40

Response time (90-perc.) 175ms 170ms 170ms 450ms 445ms 370ms

presence of a more severe (but even more realistic) non sta-
tionary workload.

6 Conclusions

The unknown characteristics of the workload reaching
any Web-based system make really difficult to guarantee
performance and a satisfactory utilization of the server re-
sources. In this paper, we propose a novel state-aware dis-
patching algorithm that takes into account the behavioral
trend of the server load in the last observation interval.
We apply this trend-aware algorithm to dispatch requests in
front of a modern multi-tier Web-based system. We demon-
strate through several experimental results that the proposed
algorithm is able to improve load balance and also system
performance in terms of response time. The major improve-
ments with respect to the existing algorithms are achieved
in the case of non-stationary workload.
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