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Abstract in the considered Web context any user click causes a large
number of arrivals at an open system. These arrivals ac-
Several activities of Web-based architectures are man-tivate a possibly huge number of requests to the internal
aged by algorithms that take runtime decisions on the ba- hardware and software resources with unpredictable mutual
sis of continuous information about the state of the interna interactions and interdependency. As a consequence, it is
system resources. The problem is that in this extremely dy-becoming impossible to understand, for example, where the
namic context the observed data points are characterizedsystem load is and where the system is going from mon-
by high variability, dispersion and noise at different time itored raw data, such as snapshots of the CPU utilization,
scales to the extent that existing models cannot guaranteaequest arrivals, average number of queued processes.
accurate predictions at runtime. In this paper, we evaluate  \We are interested to the models that can predict at run-
the predictability of the internal resource state and point time the future state of system resources in a short-term
out the necessity to filter the noise of raw data measures.horizon that is sufficient to take more “conscious” manage-
We then verify that more accurate prediction models are re- ment decisions. We first analyze the predictability of some
quired which take into account the non stationary effects of typica| performance indexes Concerning the servers of Web-
the data sets, the time series trends and the runtime conased systems, and we show that existing predictive models
straints. To these purposes, we propose a new predictionare not satisfactory because of limited accuracy or exces-
model, called trend-aware regression. It is specifically de sjve computational time. For this reason, we propose a new
signed to deal with on the fly and short-term forecast of time prediction algorithm Trend-Aware Regressiaigorithm or
series which originate from filtered data points belongingt  TAR) that shows best precision for different scenarios and
internal resources of Web system. The experiment evaluastable results for a wide range of parameters.
tion for different workload scenarios shows that the pro-  there are several external and internal system factors
posed trend-aware regression model improves the predic-hich make this problem interesting, difficult and not
tion accuracy with respect to popular algorithms based on yeep|y investigatedExternalfactors are well known: the
auto-regressive and linear models, while satisfying the€o  affic reaching Internet-based services is charactetized
putational constraints of runtime prediction. heavy-tailed distributions [3, 8], bursty arrivals [13]canot
spots [4] that are difficult to predict and manage because the
server side has no control on the client sibigernalfactors
1 Introduction have received less attention. All opinions agree to indicat
that the complexity of the middleware and of the systems

The increasing complexity of Web-based systems re- for the support of Web-based applications is increasing, bu
quires accurate models that can support management antﬁere is not yet an adequate characterization of the interna
coordination activities of the internal components, where l0ad that is the focus of this paper.
several algorithms take decisions by getting continuousin ~ On one hand, commitment to high availability and to
formation about the state of the internal system resourcesshort-time services requires runtime models that are able
This paper represents a step further in the direction of in-to evaluate and, when possible, predict the load conditions
vestigating and predicting the performance of internal re- of the system components. On the other hand, the observed
sources of Web-based architectures in a short-term horizordata points coming from system monitors are characterized
which is crucial for taking several runtime decisions ordoa by high variability, dispersion and noise, to the extent tha
and resource management (e.g., load balancing, load shatexisting models cannot guarantee an accurate time series
ing, admission control, job dispatching). We observe that forecast at runtime. A first positive result of this paper is



that the raw data points of the considered resources are chaishow the presence or not of some time dependence and
acterized by a high frequency componembi§é that per- to distinguish between the possibility of achieving long-
turbs the measures and contributes to their unpredidiabili term or just short-term prediction. In [2], we have carried
We reduce the noise component through a runtime smooth-out a large set of experiments in a multi-tier Web system.
ing process that allows us to obtain a low frequency compo-All results gave the same clear message: independently
nent (iltered datg exhibiting some short-term dependency. of the considered system resource (e.g., CPU, disk) and
This process opens the possibility of predicting the statetype of server (e.g., http, application, back-end), th@aut
of the internal resources in terms of filtered performance correlation functions of the data sets related to the iatern
indexes. Nevertheless, the most popular predictive mod-monitors decay steeply. In these conditions, it is impdesib
els (e.g., Auto Regressive, ARIMA, Exponential Weighted for any prediction model to achieve some accurate results
Moving Average, Linear Regression), when adopted at run-even in a short-term horizon. Now, the main question is
time in an extremely dynamic context, show a limited preci- whether some noise affects or not the observed data points.
sion or excessive delay even in a short-term horizon. Unlike To this purpose, we apply to the entire observed data set
the existing models, the proposed TAR algorithm is able to an offline filter that returns a noiseless representatiod, an
forecast on-the-fly the future resource state with a better a we evaluate the noise perturbation as the difference betwee
curacy, because it considers for prediction both the fittere offline filtered and observed values.
data set and its behaviota¢énd We consider an offline Kalman filter that takes as its in-
The rest of the paper is organized as follows. Section 2 put the sequence of the observed data @gts;) and gives
discusses the motivations of this research and analyzes tha sequence of; = (t;,v;) wherev} denotes the filtered
statistical characteristics of the raw data points comiamf value, that is:
system monitors. Section 3 selects the models that can be

adopted as runtime predictors and introduces the proposed vl =vf + K;i(0; —vj_y)

TAR algorithm. Section 4 evaluates the quality of the con- K = D (1)
. .. . . . H P;_1+R.

sidered prediction models and their stability to differpat P=(1-K)P_,

rameters. Section 5 presents related work and compares
main contributions with the state of the art. Section 6 con- where R, is the variance of the noisg that perturbs the

cludes the paper with some final remarks. original signal values;, K is the Kalman gain, an®; is
the covariance error [5]. We estimate the noise perturbatio
2 Statistical analysis § as the mean value of thé residuals between the observed

valuesy; and the values; that are generated by tlodfline

Management and coordination of Web-based servers ardilter: 1 . -
. . v, — U;
usually carried out through several algorithms that take on 0= — Z —
the-fly decisions on the basis of continuous information re- N Vi
lated to the state of the internal resource components. InThe first line in Table 1 reports the results of the noise anal-
order to take adequate management decisions at runtime, iysis for the utilization of three system resources of the ap-
is necessary to study new models and algorithms that areplication and back-end server. A data set is considered to
able to deal with the state of the internal system resourcesbe affected by a significant noise whé&n> 0.3, hence the
for evaluation and prediction purposes. results in the first line of Table 1 confirm that a high noise
Any prediction is based on some historical information component perturbs all the observed data séts>( 0.3).
that can be considered as a time series, that is, an ordereWe can conclude that, unlike external contexts character-

(2)

collection ofn data,S;, beginning at time;_,,_; and cov- ized by predictable time series (e.g., [1, 4]), when we con-
ering events up to a final timg. Specifically, we have a  sider the internal resources of Web system, no runtime pre-
time seriesS; = (s;—n-1,- .-, $i), where thg-th element, diction model can forecast the future state by taking as its

i—n—1<j<iisapairs; = (t;,v;). Thefirstelement input the observed data points. However, the presence of
t; indicates its time of occurrence, whereas the second elemoise is a positive result because it allows us to apply some
mentw; of the pair denotes the value of one variable of in- onlinefilters. For example, if we apply an online filter based
terest. The elements 6&f are time ordered, thatis; < ¢, on moving average, then we get a filtered data set that be-
foranyj < x. comes predictable: in the second line of Table 1 we report
An important premise is that no prediction model can the noises of the filtered data set that are well below0.3.
work if the analyzed time series does not exhibit some pre- The possibility of achieving a predictable time series is-co
dictability factors. The data set has to show some tempo-firmed by the auto-correlation function of the filtered data
ral dependency, otherwise any prediction is infeasiblee Th set that has a slow decay on a time scale of 150 seconds. As
auto-correlation analysi®n the time series allows us to inthe context of Web systems, a temporal dependence in the



range of minutes is considered a valid basis for short-termintrinsically designed for off-line applications and mewi-
prediction [20], we expect that filtered data sets representlong term predictions, and are rather inadequate to support
a feasible way for prediction. The statistical analysis-con runtime decision systems [10] in highly variable contexts.
cerned the CPU, disk and network of the application and Indeed even the AR and ARIMA prediction models re-
database servers but for space reasons hereafter we focuguire a careful choice of the model parameters, that is typ-
on the CPU of the database server that is among the mosically based on the evaluation of the auto-correlation and
representative performance index of the system behavior fo partial auto-correlation functions [6]. In this paper, wale
the considered workloads. uate the parameters on the basis of the initiéh values of

the data set of the entire experiment.

Table 1. Noise analysis on resource utilization 3.2 Trend-Aware Regression model

Application server Database server
CPU | Disk | Net | CPU | Disk | Net The data points deriving from the monitored resources
raw data 078 | 0361 0651 098 | 137 | 0.87 of the Web systems are characterized by non stationary ef-
filtereddata | 0.16 | 008 | 0.07| 018 | 027 | 0.10 fects. In this context, existing prediction models satisiy

computational constraint, but their prediction qualityyma
show some limits that we quantify in Section 4. Hence, it is
important to define a new prediction algorithm that is able
3 Prediction models to limit the drawbacks of the existing models in the specific
context of internal resources of Web systems. We think that
the complexity of this novel scenario requiresiata-model
that can improve the prediction quality by gathering the bes
_ ) properties from the other prediction algorithms and st} s
The choice of the most appropriate model depends on theisfying the computational constraints. An ideal preditio
characteristics of the context. If we consider our focus on ,qdel should combine the simplicity of the LR model, the
runtime and short-term prediction, we are interested to the AR and ARIMA qualities of reproducing the stochastic pat-
following properties: theprediction accuracydenotes the  terp of the data set and the EWMA ability of smoothing the
precision of the model in representing the future data setpgises components. The idea is that a valid prediction algo-
points, including its capacity of self-adapting to loadivar  yithm should not consider just the data points, but it should
ations when conditions are unstable; irediction delay 5150 be able to estimate from the data setttaad of the
measures the time required by a predictor to follow signifi- 554 pehavior. The load trend gives an additional informa-
cantload variations; theomputational costf the algorithm oy that can be used to evaluate whether a resource load
implementing a prediction model is a driving factor for ac- s jncreasing, decreasing, oscillating or stabilizing. e
cepting it in a runtime prediction context. define several models that can combine data set values and
The rationale behind these attributes is that we want an|gad trend information for prediction purposes. In this pa-

accurate prediction, but we are also interested to the execuper, we propose the Trend-Aware Regression (TAR) model,

tion time required to obtain it. This feature is even more that pases its predictions on the following steps.

critical in a short-term prediction context where the honiz All runtime prediction models at timg work on the ba-

is represented by few minutes. In this paper, we considerg;s of an ordered set of past informatiSn A prediction

four popular classes of linear prediction models that can bejs the output of a generic function conditioned 8y that

applied to runtime contexts. is, 9+ = g(Si) + € in which g() captures the predictable

: : : componente; models the effects of the noise ahdenotes

* Eé(\s)\/?\;]intliz Weighted Moving Average the number of steps in the future. The first choice for the
( ), [14]. estimation of a future value of the time series concerns the

« Auto-Regressive Model (AR), [11]. past values that the predlct_lon model wants to consider. At

time ¢;, the TAR model defines thieistory vectoy namely
o Auto-Regressive Integrated Moving Average Model H;, as a subset of the data $ttthat is associated with the

3.1 Requirements and algorithms

(ARIMA), [11]. last values, = (¢;,v;). The history vector contains val-
ues that are selected with a constant frequendyom v;
e Linear Regression (LR), [4]. backward tov;_(,,—1),. Here, we consider the more gen-

eral instance off > 1. The typical goal is to use these
Other prediction models (e.g., genetic algorithms, neural past values to predict the value of the point; which
networks, Support Vector Machines and Fuzzy systems) ards positionedk steps ahead at timg, ;. The idea behind



the TAR model is not to use directly the past valugs;, where the best choice of thg coefficients opens another
(0 < j < m — 1), but the degree of variation between space of alternatives that are outside the scope of this pa-

each couple of consecutive poirts_ j; = (ti—jq, Vi—jq) per. For reasons of space, we consider just an exponential
ands;_(j+1)g = (ti—(j+1)q Vi—(j+1)q) fFOr0 < j <m —2. decrease of the weights as a functiomagfthat gives more

In particular, thedegree of variatioru;_ ;4 is computed as  importance to the more recent trend coefficients. Hence,
following: the trend-aware regression model for the estimation of the

future pointo;,, is obtained through the following linear
Vi—jg — Vi—(j+1)q

imjg =Vi7 7 ;7 0<ji<m-—-2 (3) combination of the computed and available values:
i—jq i—(j+1)q ) B
. Vipr = Qi (tigr — ti) + 04 (6)
where
i = livk — i 4) In the experiments, when not otherwise specified, we
T tinjg — i1y have sety = 5 andm = 3. The sensitivity analysis shows

The~; parameter represents thealing factowhich adapts the stability of the TAR model to these parameters.
the degree of variation computed in the Cartesian space at
time ¢; with the degree of variation that will be utilized in 4 Prediction results
the space: steps ahead. Figure 1 offers a geometric rep-
resentation of these phases of the TAR prediction model4.1 Experimental testbed
when the history vector contains, = 4 values. These
points denote three segments_s,, si—24), (Si—2¢; Si—q) The experimental evaluation refers to a popular Web sys-
and(s;_,, s;). We associate a degree of variation to each tem referring to a multi-tier architecture. It is based oa th
segment, thus obtaining _»,, a;—, anda,;. The absolute  implementation presented in [7], where the first node ex-
value of thej-th degree of variatioha,_j, | represents the ~ ecutes the HTTP server, the application server is deployed
intensity of the variation between two consecutive points through the Tomcat servlet container, and the back-end node
Si—jq ands;_(j11)q- The sign ofa;_j, denotes the direc-  runs a MySQL database server. The workload follows the
tion of the variation: a plus represents an increment of the TPC-W model, an industrial benchmarking for the perfor-
value between the;_j, ands;_(;;1), data points; aminus ~ mance evaluation of dynamic Web systems [7]. Client re-
denotes a decrease of the trend. The problem is now relate@juests are generated through a seewiulated browsers
where each browser is implemented as a Java thread repro-
Sieie = (G, Tivk) ducing an entire user session with the Web site. The exper-
iments last for 8000 seconds for the following three work-
loads.

Stable scenario: it describes a TPC-W workload in the
ideal case of a number of clients that does not change
during the experiment. (The shown results refer to 120
emulated browsers.)

Real scenario dight and heavy: they describe a realistic
Web workload where the pattern of active clients
Figure 1. Variation trend and degrees of vari- changes according the profile presented in [4]. The
ation for m = 4 past values. light andheavyworkloads are_chgracterlzed by service
demands having low and high impact on system re-
sources, respectively. Moreover, this different impact
to how to combine the degrees of variation for future pre- is also characterized by a higher variability of the re-

dictions. In other words, we want to evaluate the so called source measures in the contexhefavyworkloads.

variation trenda; for estimating the valué; , . of the point All scenarios represent the typical Web workload that is
Si+k = (Litk, Vitk), @S shown in the rightmost part of Fig-  characterized by heavy-tailed distributions [3,8]. Mare

ure 1. There are several possible alternatives, hencesin thi the tyo real scenarios include bursty arrivals [13] that-con
paper we investigate one solution that gives satisfac®ry r yipyte to augment the request skew.

sults. The variation trend is evaluated as the weightedline

regression of then — 1 degrees of variation: 4.2 Quality of the prediction models

m—2 m—2
a; = PiGi_ia; pi=1 (5) We analyze the quality of five runtime prediction models
;0 S ;0 ’ (AR, ARIMA, EWMA, LR, TAR) that satisfy the computa-



tional requirement. Hence, in this section we are inteceste The AR and ARIMA algorithms are the most affected mod-
to evaluate the precision in forecasting the future data val els because they tend to reproduce the data set behavior.
ues and the ability to react soon to the variations of the time However, when the variance of the time series values varies
series. The best model should minimize both phecision over time, they would require a continuous evaluation and
error and thedelay The precision error represents the dis- update of their parameters. As this method is unfeasible at
tance between the ideal filtered data set and the predicteduntime for short-term prediction, the consequence is a pre

values: cision error two-three times higher than that charactegizi
N . . .
|0; — v the TAR model. It is important to observe that in our ex-
> 100% 7) . : : .
: N periments this last algorithm has always demonstrated its
_ =t o _ ability to limit the precision error td%. Even the EWMA
where NV is the total number of predictions; is the pre-  model guarantees adequate precision, but we will see that it

dicted value and is the offline filtered data. The delay s affected by a high delay.

denotes the lack of reactivity of a prediction modelto detec  aAnother important measure for evaluating the prediction
a change of a resource condition. We measur@t#te®age  modelsis represented by theerage delajn detecting load

delayas the average of the horizontal distances in intervalsstate changes. Table 3 reports this delay for the considered
of 30 lags between the observed data set and the predicted

data set values. The quality of a prediction algorithm de-

pends on the model characteristics but also on the nature of Table 3. Average delay ( lag)

the data sets. When not otherwise specified, we consideras | _Scenario | AR | ARIMA | EWMA | LR | TAR
representative instances of a larger set of results a predic Stable 2 2 30 26 | 2
tion window corresponding tb = 30 lags, a noise index of Real-light | 5 3 34 25 2
filtered data equal t6.1 and three workload scenarios (one Real-heawy | 6 3 36 25 3

stable, two realistic).

Table 2 reports the precision errors for the considered prediction models. These results indicate that AR, ARIMA
prediction models by distinguishing raw and filtered datta. | and TAR are the most responsive prediction models because
we limit the acceptability of a model when its precision er- they are characterized by a delay of few lags. On the other
ror is below20%, the first remark from the results of this ta- hand, the EWMA and LR models are affected by a high
ble is that no model can work on raw data. As expected, thisdelay. This is a consequence of the smoothing effects of
occurs for any real scenario, and more surprisingly for the lower order prediction models that do not allow them to re-
stable workload too. For all scenarios, the ARIMA model act quickly enough to the changes of the data set pattern.
shows the best results when applied to raw data. AlthoughThe delay effect is confirmed by the Figures 2 showing the
its precision error is never acceptable, this result corsfirm predicted result pattern with respect to the filtered data se
the ability of the ARIMA model to follow even complex These figures confirm from a qualitative point of view the
patterns of the time series. capacity of the TAR model to respond quickly to the varia-

If we refer to the filtered data, the results of Table 2 con- tions of the data set. Figure 2(b) evaluates that the LR model
firm that all models are able to reduce the precision error. is affected by high delay and scarce precision. On the other
This error is similar for all models (with the exception oéth  hand, the EWMA model is rather precise, but it follows the
LR algorithm) in the ideal case of a Stable scenario. When pattern changes with a consistent delay that is evidenced by
the data set is characterized by a highly variable behavior,the horizontal distances of the two curves. A delay error
such as in both real scenarios, the precision errors differ.of more than 30 lags when the prediction window is equal

to 30 lags shows that the EWMA model is inadequate for
short-term predictions. From all these results, we can con-

Table 2. Precision error ( k = 30 steps ahead) cI_uo_Ie that in ide_al c_on_ditions _thﬂfecisio_n grrorof the pre-

AR | ARIMA | EWMA | LR | TAR diction models is s_|m|_lf_ir, Whll_e in reahstlc_ Web scenarios

the models show significant differences with a clear advan-
tage of the TAR model. In the next subsection we aim to
validate these results for different conditions.

Stable scenario

Raw data | 20.6% 20.1% 23.0% 45.5% | 25.2%
Filtered 3.3% 2.9% 2.8% 4.4% 2.8%

Real scenario -light

Raw data | 27.0% 23.4% 26.0% | 43.8% | 32.5%
Filtered 8.0% 9.0% 6.2% 12.1% | 3.7%

Real scenario -heavy

Raw data | 28.6% 25.0% 27.0% 45.8% | 37.5%
Filtered 14.0% 12.0% 7.0% 12.1% | 4.0%

4.3 Sensitivity analysis

All the previous results refer to a short-term prediction
with &k = 30 steps ahead and a noise factor equal te
0.1. In these conditions, the TAR algorithm shows the best
precision and minimum delay. However, it is important to
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evaluate the stability of the TAR results for differentvedu  hence it is reasonable to consider the predicted results use
of the noise index and for different prediction window sizes less. The range of feasibility of the models of interest for
and its robustness with respect to its main parameters. runtime management is for < 0.3. Figures 3(b) and 3(c)
_ . ) . show interesting differences among the prediction models:

Figure 3 shows the precision errors as a function of dif- e | R model is clearly unacceptable in a realistic context;
ferent noise values of the filtered data sets. An expected[he AR and ARIMA models are characterized by close re-
trait of all scenarios is the increase of the precision arror sults, hence we could choose the former algorithm because
as a consequence of.a_higher noise factor. In the iQeaI stagt its minor computational complexity; the TAR model out-
ble scenario, all prediction models (but the LR) achieve an e rforms all the other predictors in the range of interest be

acceptable precision below 10% (Figure 3(a)). In the real .5 g6 it guarantees a precision error two-three times lower
scenarios, when > 0.3, all precision errors exceet)%,



It is interesting that similar results are obtained for com- 5 Related work
pletely different workload scenarios.

Another important factor is the sensitivity of the results
to the temporal size of the prediction windéwAs we con- Predictive algorithms would play a crucial role in man-
sider short-term prediction, we focus onthe [1, 120]inérv  aging the resources of Web systems, but the majority of
(in lags). Figure 4 reports the results for the stable and rea prediction models is based on off-line analyses of user ac-
scenarios. In the ideal scenario, all prediction models arecesses and resource logs [4,9, 15, 18, 21]. Many other pre-
valid and share similar behavior. In the more realistic sce- diction models, such as genetic algorithms, support vector
narios, it is important that the precision error of the TAR machines and Fuzzy systems, are suitable to off-line ap-
model does not exceelh% even fork = 120 lags. The  plications and medium-long term predictions [10]. Some
results of the LR model are unacceptable, and even the ARmodels on short-term prediction for on-line decisions make
and ARIMA models show a twofold precision error if com-  strong assumptions on the mathematical characteristics of
pared to the TAR error. We observe that all the previous the workload. A feedback control prediction mechanism
results are achieved for fixed values of the parameters ofthat works well for mildly oscillating or stationary work-
the TAR algorithm. In a dynamic context, it is important |oads is presented in [16], while different autoregressive
to measure the robustness of the TAR model by evaluatingmodels for the predictability of the CPU load average are
its sensitivity to its main parameters, that is, the pasie®l  presented in [11]. The authors in [19] explore the benefits
(m — 1)g and the number of trend coefficients For this  of the integration of non-linear corrective factors in & lin
analysis, we consider the real scenario and heavy servicear regression to predict FTP transfer times. Sang and Li
demand, and the filtered data set with noise inélex 0.1. compute precise lower and upper bounds for the prediction
From the results in Figure 5 we can appreciate that the pre-interval and error of network traffic, which is assumed to be
diction quality of the TAR model is preserved for a wide a Gaussian process [18]. All these assumptions do not hold
range ofg andm values. This stability in a highly variable  for the workloads characterizing the Web systems consid-
context is an important feature because no other predictionered in this paper. This is a huge difference with respect to

algorithm guarantees a similar robustness. previous work because when you move from ideal to realis-
tic workload conditions, all the previous prediction madel
o [ e miocofdea) ‘ ‘ ] exhibit high precision errors. The proposed TAR predic-

tion algorithm works finely even in the typical conditions
of real workload scenarios that exhibit specific statigtica
properties, such as heavy-tailed distributions [3, 8] sbur
arrivals [13], and hot spots [4].

Precision error (%)

B Other results oriented to the short-term prediction in the
| presence of non stationary workloads [12, 16] are mainly
focused on external factors (such as the arrival frequency)
s 10 I 20 2 % which are turned into a measure of the future internal sys-
L ’ tem load. Forecasting the future resource state or future

a) Sensitivity to the frequency of -

selected samples resource dem_ands exclus_l\_/ely from th_e of_fered load may

‘ ‘ ‘ ‘ ‘ lead to wrong internal decisions, especially in Web systems
1 S NoRe e 1623 ] where each arrival may activate a high number of requests
2| ] to the internal hardware and software resources with un-
o ] predictable mutual interactions and interdependencies. T
ol ] prediction of load demands to internal resources of Web
oL | systems has not received much attention yet. Pacifici et
al. [17] apply filtering techniques to predict the CPU de-
[N mand of Web applications. The authors in [2] discuss the
I | effects of a typical Web workload on the system resources
o 25 s as 4 a5 s and propose and compare different representations of the
resource load with the main purpose of detecting load state
changes. This paper has an innovative focus on the short-
term prediction of the internal resource state. To this pur-
Figure 5. Precision error as a function of the pose, we apply an original trend-based prediction model to
parameters of the TAR model a representation of the data points referring to the interna
resources.

Precision error (%)

b) Sensitivity to the number of
considered trend coefficients



6 Conclusions

6
The Web systems are expected to satisfy scalability, e

availability, and short-time servicing requirements unde
critical workload conditions. These external characteris
tics together with the increasing complexity of the hard-

ware/software architectures make resource management
tasks really difficult because the decision algorithms can-
not know or predict from the observed data points whether
a resource is offloading or overloading. This paper repre-

sents a first contribution in the direction of investigatamgl

predicting the performance of the internal resources of Web
architectures in a short-term horizon. We have shown that
observed data points do not allow any prediction, but an ad-[10
equate online filter can reduce noises and exhibit data setg; |
with some short-term dependency. However, some popular
models that could be used for runtime prediction achieve [12]
unacceptable results even on filtered data set. For this rea-
son, we propose a new Trend-Aware Regression algorithm
that shows the best precision for different scenarios, and
stable results for a wide range of parameters and work-
loads. There are several exploitations of the proposed mode
because short-term prediction is at the basis of most run-
time management decisions, such as load sharing, admisf14]
sion control, hot spot control, request redirection. From a

modeling point of view, the precision of the TAR model

can be even improved by some dynamic adaptation of its

parameters to the statistical variations of the observéal da
points.
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