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ARCH-based Traffic Forecasting and Dynamic
Bandwidth Provisioning for Periodically Measured
Nonstationary Traffic

Balaji Krithikaivasan, Yong Zeng, Kaushik Deka, and Deep Ned

Abstract— Network providers are often interested in providing  property of the traffic may not be available, 2) predicteddan
dynamically provisioned bandwidth to customers based on pe- width should not over-estimate (waste) too much and should
riodically measured nonstationary traffic while meeting service  avoid under-estimation (starvation) as much as possibe; t
level agreements (SLAs). In this paper, we propose a dynamic - . .
bandwidth provisioning framework for such a situation. In order starvation WO“'_O! cert??llnly be base,d on service level ag_ree-
to have a good sense of nonstationary periodically measured ments. An additional issue to consider is that the bandwidth
traffic data, measurements were first collected over a period of update should not be frequent enough so that Isigimaling
three weeks excluding the weekends in three different months cost due to the bandwidth updates can be avoided. In general,

from an Internet access link. To characterize the traffic data rae a bandwidth update request in a network involves exchange
dynamics of these data sets, we develop a seasonal AutoRegres

sive Conditional Heteroskedasticity (ARCH) based model with of CO””‘?' _mgssages as well aS making appro_pnate entnes In
the innovation process (disturbances) generalized to the classthe provisioning and/or the billing system—this overhead is
of heavy-tailed distributions. We observed a strong empirical required to be minimized, if possible, and is referred tohas t
evidence for the proposed model. Based on the ARCH-model, we signaling cost here. We focus our work for a single custoser’
present a probability-hop forecasting algorithm, an augmented nonstationary, yet periodically measured traffic date oatan

forecast mechanism using the confidence-bounds of the mean d-t d basis without ting involved: that i
forecast value from the conditional forecast distribution. For €NC-10-€Nd DasIS without any routing INvVolved; that 1S, we a

bandwidth estimation, we present different bandwidth provision- addressing dynamic provisioning at the time scale of msute
ing schemes that allocate or deallocate the bandwidth based onon a single virtual link basis.
the traffic forecast generated by our forecasting algorithm. Tkese |t is well-known that network traffic has a cyclical behavior
provisioning schemes are developed to allow trade off between with a 24-hour cycle (while other seasonal variation fronelwe
the underprovisioning and the utilization, while addressing the . . S
overhead cost of updating bandwidth. Based on extensive studie to months are poss!ble). In term; of bandW|dt_h prowsmmng
with three different data sets, we have found that our approach an extreme case will be to consider the maximum traffic in
provides a robust dynamic bandwidth provisioning framework a 24-hour period and determine the bandwidth needed based
for real-world periodically measured nonstationary traffic. on this maximum traffic estimate; certainly, this will cause
Index Terms— Nonstationary traffic, Autoregressive condi- bandwidth update only once every 24 hours and the signaling
tional heteroskedasticity, Probability-hop forecasting, Heavy- cost is minimized to once-a-day update; on the other hamd, th

tailedness, Bandwidth provisioning unused bandwidth other than during high traffic windows is
under-utilized which could have been allocated, for exanpl
. INTRODUCTION to other customers supported in the same underlying network

In this paper, we attempt to address the following questiofy the network provider. Thus, the end goal of this work is
can we determine an effective dynamic bandwidth prowi0 develop a more accurate, dynamic bandwidth provisioning
sioning mechanism in a nonstationary traffic environmeff@mework that can adapt to short-term traffic fluctuations
where measurements are collected periodically, say, evé®p the order of minutes) while adhering to the data loss
few minutes? Such an adaptive scheme is of importance (Finimize starvation), utilization (reduce overprovisiog),
network providers in providing virtual services to custame and the signaling cost constraints.
while meeting service level agreements (SLAs) so that nétwo There is limited work on understanding network dynamism
providers can effectively allocate their resources toedéfit N defining control strategies for dynamic bandwidth prannis
customers. Such virtual services can be either based on it Most such schemes in the literature are rooted on models
pseudo-wire concept or the virtual path concept in a packél@at assumes that the nature/dynamics of the traffic is known
based network environment. There are two key issues 8" example, there have been works [18], [6], [19] based on

consider in answering this question: 1) any specific stahashe Markovian assumption on the traffic flow arrival process
for dynamic virtual path management in ATM networks.
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none of these works consider a generically measured periothiat arise over time. In this regard, we sought out to char-
traffic data and how to do predictive bandwidth estimate. Tlaeterize the traffic data rate behavior over a 24-hour window
interest for generically measured data is further necassit based on a history of 10-day measurements (only the week
by the work on network traffic measurements documentirays). The intuition here is to take into account tinge-of-the-
that Poisson models may not be appropriate for Interndtdrafday effect that is evidential from the collected measurements
[21], and that the traffic over varied time scales exhibitsee Fig. 1). This periodic effect can be easily incorparate
self-similar properties and shows long range dependenciesto ARIMA models by including multiplicative or additive
for example, see [17]. Thus, it is important to consider thgeasonal autoregressive components. However, we made two
lack of the characterization of traffic dynamics/behavior asteresting observations from the measurements that neequi
a factor in determining adesirable and a more accurate augmentinghe ARIMA model with additional components.
predictive bandwidth provisioning scheme which can beulsef In the process of transforming the raw measurements into
to network providers in meeting service level agreementh wia stationary time series, we have noticed a clustering phe-
their customers. nomenon in the resulting series (see Fig. 3). In other words,
To develop an adaptive bandwidth provisioning scheme aadarge (small) noise term of either sign tends to follow by
check its effectiveness, it is imperative that we use actual large (small) noise term of either sign; Such an observa-
measured data from a real-world environment. Toward thi®n indicates the presence of non-zero correlation of s&co
end, the collected measurements from the Internet link thabments (square) of the innovation process. Consequémly,
connects the University of Missouri-Kansas City to MOREnétnovations of the underlying ARIMA model are no longer in-
for connectivity to the rest of the Internet ("UMKC measuredependent, but they are merely uncorrelated. To accommodat
data”) was found to be a good source of nonstationampis behavior, a more accurate model than ARIMA became
periodically measured data, especially due to our proyinait necessary. In this respect, a class of models callethRe-
work with the campus network administrators. It may be notegtessive Conditional Heteroskedasticity (ARCH) modgsled
that the packet level measurements of Internet traffic onla liin Econometric modeling was found to be appropriate; ARCH
collected on the granularity of minutes (say, averagedyevanodels have been first introduced by Engle [11] to model
5 minutes) exhibit nonstationary, sometimes chaotic biehav time series with conditional non-constant variances, vewe
this observation is consistent with the findings reportgfd#}.  with finite unconditional variance (in the asymptotic ragio
In such environments, statistical time series based tgabsi Since its introduction, considerable work has been donben t
seem useful in practice. In particular, AutoRegressive-Intpast two decades to integrate these models in the traditiona
grated Moving Average (ARIMA) time series models hav&RIMA framework, especially for Econometric modeling.
been found to be appropriate in modeling nonstationary ddtar excellent surveys on ARCH models, see [3], [4]. The
traffic [12], [20] as well as in modeling time varying telepteo observed non-constant conditional variance of traffic data
traffic [8]. In our earlier work [16], we have considered aran be explained by the inherent dependence of the amount of
ARIMA model based on eight hours of data to characterize theternet activity (file uploads/downloads, number of wedssi
traffic data rate and have proposed an augmented forecastugessed) on the time-of-the-day. Our other observatiottlis
mechanism over the conventional Minimum Mean Squaregard to the distribution of the noise/innovation proaafishie
Error (MMSE) forecast for traffic prediction, in order to dounderlying ARIMA model. Based on the residuals, we found
dynamic bandwidth provisioning. the distribution of the innovation process to depart sigaifily
One of the issues that has not been addressed in [16] isftam normality, i.e., we found them to be relatively heavy-
identify the ARIMA parameter re-estimation window. This idailed rather than normally distributed. This behavior ¢en
rather important since it is quite possible that the esémalf due to the heavy-tailed nature of the file size distributiemb
ARIMA parameters may change over a longer time duratiodownloaded over Internet as reported in [9]. To accommodate
On further investigation, this was found to be true when this phenomenon into the innovation process of the model,
longer time window than eight hours was considered; see have introduced the choice of the Studemtistribution
Appendix I. Thus, over time, such inadequacies can induedere the degree of heavy-tailedness can be controlledeby th
undesirable correlation in the innovations (noise ternighe number of degrees of freedom. To summarize, in this paper,
model which in turn affects the forecasts generated. Furth@ve present a new model of the periodically measured data
more, the form of the model may change at times, due which is an additive seasonal ARCH-based model with the
the highly changing nature of the underlying traffic dynasnidnnovation process generalized to the class of heavystaile
over, say 24 hours. Since the bandwidth prediction for thstributions. Our conception is that such a model can, in
next time window depends heavily on the forecast generatgeneral, be applicable in other network traffic environraent
from the ARIMA model, it is essential to address this issue in Since our goal is to do dynamic bandwidth provisioning
developing a more accurate bandwidth provisioning schentmsed on periodically measured nonstationary traffic, et n
In essence, on further detailed investigation of the UMK&tep is to generate forecasts using the proposed data model.
measured data (including additional data sets), it wasrebde Toward this end, we present an improved version of the
that the measured data rate hghly nonstationary of the probability-hop forecasting algorithm, first presented16].
second orderhaving non-constant conditional variance. We have developed this algorithm in an attempt to reduce
Thus, our goal has been to develop a more robust modle¢ number of forecast misses as compared to the MMSE
of the measured, periodic data overcoming these inadeggiadorecast. To accomplish our end goal of bandwidth provision
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ing, we map the forecast generated from the algorithm intovariance. The additionah + 1 parameters ar¢w;}",. Note

bandwidth requirement using various bandwidth quantirati that disturbancesg,, are assumed to be uncorrelated but

schemes. It can be argued that in the case of unpredictablet independent (higher moments may be correlated) unlike

sudden high peaks that can arise occasionally due to nomedel (1), i.e.,E[s;e,—1] = 0 and E[e7e? ;] # 0. Under

regular traffic such as denial-of-service attacks, our @qgn the given assumptions, it follows then that the conditional

tends to predict higher than the expected bandwidth for thestribution of ¢;, given the past information up to and

next time window; this may not be desirable to do so imcluding timet — 1, is normal with mean) and variance

order to limit/restrict the bandwidth access to the norulag A, (time dependent).

traffic. Our scheme has a provision to limit the maximum These models can be further extended with additive or

allowable change in the bandwidth requirement from one tinmeultiplicative seasonal components to take into accouet th

window to the next so that a network provider can impose suplriodic effect that may arise at times in a stochastic time

restrictions, if needed. series. The multiplicative seasonal models require a apeci
The rest of the paper is organized as follows. An overview gfructure on the underlying time series while the additive

ARCH-based models is presented in Section Il. In Sectign IBeasonal models are direct extensions. In particulartiagldi

we describe the measured data sets used in our study follovgedsonal models can be treated as special casebhséimod-

by the statistical model identification. The MMSE forecastls where, in addition to the lag-dependency at neighboring

scheme is summarized in Section IV. We then present guwints on the time axis, it includes parameters at those lags

modified probability-hop forecasting algorithm in Sectign that are integer multiples of some peri@d Thus, if there

showing effectiveness of the probability-hop forecastesed exists a periodic effect with perio@ in the underlying time

as compared to the MMSE forecast scheme. Next, we dsries, (2a) can be replaced with

scribe several quantized bandwidth provisioning schemes i pid o q

Section VI. Finally, in Section VII, we present evaluation _ o o

results of our bandwidth provisioning framework followeg b = ; P ; 937t + ]; Orceor e (30)

summary. - )
where{¢;}7_, are additive seasonal autoregressive parameters

Il. OVERVIEW OF ARCH-BASED MODELS with s being the seasonal autoregressive order; all other

The general form of AutoRegressive Integrated MovingPMPonents of the model are the same as model (2).
Average model, ARIMAp, d,q), for an observable random For some observable time series, it may be the case that the
variablez, can be given a’s ;‘ollows: conditional distribution of 4;|7;_) follows a more general

distribution (non-normal) from the class of symmetric disi-
p+d q : ; ;
B _ 0 1 tions. For instance, to accommodate heavy-tailedness\ase
At = Zwizt—l + Z KEt—k T €t @ in network traffic, it deemed suitable to consideg|F;_1)
. =t k=1 to be Student- distributed with scaleM, and v degrees of
where {;}?* and {0, }{_, are the autoregressive and théreedom; then, model (2) becomes:
moving average parameters, respectively. Herstands for pid . q
the autoregressive ordef,for the order of differencing, and
: ’ ; ) A 2 = iZi—i + Zi_iT + Orei_p + ¢ (4@
q for the moving average order. The innovation (disturbance) ! ;% e Z¢] T ; keeok + e (43)

. . : : : j=1
variable,e;, is assumed to be an independent and identically
Er = 7]t\/-/\7t

distributed normal random variable with mearmand variance (4b)
o2. Thus, E[e?|F,_1] = 0% where F,_, includes all the past M, = ht(” - 2) (4c)
information up to and including time—1, i.e., the innovation Zn

variance is time independent. hy = ag + Zakfik (4d)

The ARIMA model with conditionally heteroskedastic dis-
turbances can be given by extending model (1) to allow the ) . ) _
conditional variance of; to change over time. In addition to WNeren: is Studentt distributed with unit scale, degrees of

p+d + q parameters from the ARIMA model, conditionallyfreEdom' andn is the ARCH order. It may be noted that the

heteroskedastic extension of order introduces additional conditional variance of; remains at,;. It is well known that

m + 1 parameters. An ARIMAp, d, ¢)-ARCH(m) model can asv — oo, the Student- distribution approaches the standard
be expressed as follows: o normal distribution; in fact, the scale parametgt,, in (4b)

approaches,; asv — oo. Thus, model (2) can be considered

k=1

p+d q ;
as a special case of model (4).
2= izt Y Okcik+e (2a)
i=1 k=1
[1l. ARCH MODEL FITTING FOR MEASURED DATA
g0 =/ hy (2b)
m A. Data sets
he=ao+ Y o}y (2¢)  The measurements are collected on the Internet link con-
k=1 necting the University of Missouri-Kansas City to MOREnet

where 7, is assumed to be an independent and identicalfgn Internet Service Provider) based on Multi Router Traffic
distributed normal random variable with zero mean and ur@rapher (MRTG), a tool for monitoring traffic load on network
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Fig. 1. Data set I: 10-day view Fig. 2. Log Transformed Data

links [22]; these measurements represent the data rateeof figaks can be observed on day 1, day 6 and day 8 than the
traffic from outside world to UMKC averaged over every 5rest in Fig 1. These peaks result in outliers (data points tha
minute interval (granularity). We have grouped the measur@'e extreme relative to the rest of the sample) that canrtlisto
ments into three data sets referred to as data set I, datatBgtinnovation distribution as well as the statistical resties

Il and data set Ill. Each data set spans measurements d¥ethe parameters of the resulting model. Neverthelessethe
24-hours for 15 days, excluding weekends and any holida§stliers are genuine and essential in characterizing tfécr

as our interest is to model for the weekday behavior. TH#ynamics since they might arise due to, for example, some
measurements were collected in the months of Septemi&irse submission deadlines to be met by students (which
November and December of year 2003. In Table |, we presdi@ppens frequently) in an academic environment. Thus, we do
the average and the standard deviation of the maximum d&g eliminate them in our analysis; rather, we transform the
rate and the minimum data rate observed for each day o@gigregated time series using the natural logarithmic foans
the first ten days in each data set (See also F|g l)’ the first fgation. Such a transformation is shown to be quite effective
days’ data were used in determining the parameters’ estgnaf? stabilizing the data points (free of outliers). In fadbist

and then, test our model for the next five days. stabilization effect can be clearly observed from Fig. 2 for
data set I. Later, our goodness-of-fit results indeed confirm
TABLE | the transformation to be appropriate for the data setsy If
DATA SETS (UNITS: BYTES/SEC) represent the aggregated time series (15-minute intettvai)

the log-transformed series is referred to@si.e.,w; = In z;.
Following Box-Jenkins’ homogeneous nonstationarity as-
Data set | | 143,543.9| 91,470.93| 3,869,781.7| 1,008,676.05 .sumpt.|on.[5], we obtfaun the f|rst-d|ﬂerenge of Seres. on
Data set Il | 155.606.2| 52.854.91| 3.888.929.5| 784,254.87 investigating the stationarity of the resulting serieselasn
Data set lll | 150,372.5| 53,542.56| 3.375.274.0| 409.973.24| the auto-correlation function, we have observed a slowyleca
of the autocorrelation at integer multiples of seasonalfag
Consequently, we do further difference of the first-differed
o series at seasonal lags to obtain a new segiehat is, series
B. Model Identification y: is given as follows:
First, we have averaged three successive sample points (of
5 minutes each) of the collected measurements to obtain the
data rate over every 15-minute interval. Our intent behimisl t For illustration of serieg; for data set I, see Fig. 3. Evidently,
aggregation is under the assumption that a network providhe mean of serieg; appears to be stationary; however, on a
may not want to do bandwidth updates more frequently thefoser look, we can observe the presence of clustering g@é lar
every fifteen minutes; this also gives us one-step predidto values and small values. In other words, the underlyingelarg
look out for the next fifteen minutes. Note that this is donmnovations and the small innovations of serjgsre clustered.
for the purpose of our study and the ARCH model present@this clustering effect arises from the strong dependence of
is quite general. Over ten days, we thus consider 960 sampies innovation variance at any given sample point over the
for model identification in each data set with 96 samples p&movation variance of past sample points, i.e., innovatio
day. In general, we denote the sample size per day usingvariance is correlated. Such a dependency can be modeled
for this study,T" happens to be 96. Fig. 1 shows a view oby including a conditionally heteroskedastic componenarin
15-minute aggregate data rate observed in data set | sganiARIMA model. In fact, (2b) - (2¢) precisely captures such a
ten days. A similar coarse-level behavior is observed in tloéustering behavior.
other two data sets as well. In time series modeling, the distribution of forecasts gen-
The first obvious observation from Fig. 1 is the evidencerated relies critically on the distributional assumptioh
of the time-of-the-day effect. In a wider sense, the data rahe underlying innovations (disturbances). It is a common
behavior over any given weekday is similar to that of any otheractice to impose the normality assumption on the innowati
weekday. However, we have observed a few noticeable pealkstribution following the central limit theorem. Howeyéhe
on some days in the data sets. For example, relatively higivatidity of the central limit theorem depends heavily on the

Min. Data rate Max. Data rate
Avg. Dev. Avg. Dev

Yt = (U}t — wt_l) — (U)t_T - wt—T—l)- (5)
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Data Set | heavy-tailedness are justified. To evaluate the goodnefis of
of the chosen statistical model for the data sets, we corduct
the generalized portmanteau tests as well as the non-pair@ame
rank tests proposed in [10]. The major advantage of these tes
statistics against the conventional Ljung-Box test siatj§] is
that they can be applied to non-normal time series as wedl. Th
1 p-values of chi-square statistics were in the range of 35%-50

o5 192 288 334 480 576 672 768 go4 (for all the data sets) confirming the adequacy of the chosen

Time (15-minute window) model. Such a well-fit statistical evidence set a solid eivglir

foundation for the forecasting and the bandwidth provisign

Series y;
o

Fig. 3. Seasonal and First Differenced Log Transformed Dateg Set |,

nine days) IV. MMSE FORECASTCOMPUTATION

In this section, we discuss MMSE forecast computation
chosen asymptotic region. In fact, the innovation distidny before presenting the probability-hop forecasting metivod
at times, follows a more general distribution from the clage next section. We will follow the convention that we have
of symmetric distributions; this means that Gaussian apsuninformation up to timet — 1 and our aim is to forecast for
tion on the disturbances might lead to an inadequate mod#ne t. That is, we only consider a one-step forecast here in
We found that for our data sets, the normality test on tider to make use of the observations as soon as they are
residuals proposed in [15] showed a strong disagreementayailable. For example, for the specific data sets studres, t
the Gaussian assumption. In addition, we found the samlee-step prediction from the model translates to the erpect
kurtosis (a measure of tail behavior) to be around 5.0 révgal bandwidth requirement over the next 15 minutes.
the heavy-tailed nature of the series. Thus, we consider thdt is known that for any class of distributions with fi-
choice of the Student-distribution to characterize the distur-nite second order moments, the minimum mean square error
bances in our modeling exercise. Since, the degrees ofdneed MMSE) forecast of a future observatign can be given by
of the Student- distribution is also estimated from the timethe conditional expectatiof'[y;|F;_1]. The distribution ofz,

series data through the maximum-likelihood estimatior, tfiS irrelevant for such a derivation. Recall that seggfrom (6)
applicability of the Student-distribution for the innovation is a differenced and a transformed series of the actualsserie

process can be quite general here. z. Using the relation (5) and; = In z;, we can rewrite (6a)
To summarize, we propose a model of the form (4) t& terms ofln z, as follows:

characterize the dynamics of serigs. For the statistical 5 T+5 2T+1

model identification, we used SAS, a well-known software Inz; = in Inz_; + ij Inz_;+ Z Xk Inze_p
package [23]. Based on the auto-correlation and partial-aut i=1 j=T k=2T

correlation function, we investigated various candidatelets. 3T+1

Using Akaike Information Criterion (AIC) [2], Bayesian In- + 3 Xelnz o +e (1)
formation Criterion (BIC) [5] and the likelihood ratio tastwe s=3T

have found appropriate choices fs, ¢ andm to be 4, 2, 0 where x’s can be computed from the estimates fand
and 1, respectively, for all the data sets leading to a ctargis ¢. Since we are interested in forecastings to be used
fit with reference to model (4). Note that = 2 implies a by our bandwidth provisioning subsystem (discussed later i
strong seasonal dependenceypfon y;_r andy,_o,r. Thus, Section VI), it is imperative to derive the conditional exfe
our seasonal ARCH model fay; takes the final form: value of z; from w;. Sincew; = In z;, the forecast of; is
4 9 given by E[e*t|F;_1], the moment generating function (MGF)
— e - of the conditional distribution ofw;. It is evident from (7)
v ; Pillimit Jz::l Ggth—ir + & (62) that the conditional distribution af;|F;_; follows a Student-
— t distribution. However, it is not possible to derive an exact
Bt =Tt Mt2 (6b) expression forE[z|F;_;] from E[w,|F;_,] since the MGF
M; = ht(y — ) (6c) of the Student distribution is not well-defined. Thus, we
v propose here, the following approximation for the expected
value of one-step ahead forecasts

hy = ag + aleffl. (6d)

Sincey; is already a differenced series,is not considered 5

explicitly in (6). The unknown parameters of model (6F|[z¢|Fi—1] ~ (1 +xiInz g+ in Inz_; (8)
are: {¢;}i_y, {#;}3=1, @0, a1 andv. These parameters are i=2

estimated based on the sample maximum likelihood function T+5 2T+1 3T+1

conditioned on the first0T observations; see [14, Chapter 21] Z Xjnze—j + Z Xk Iz + Z Xs In Zt—s)zt—l

for more details. The estimates of all the parameters alatilg w J=T k=2T s=3T

their ¢-values are listed in Appendix Ill. It may be noted thaivherey]; = x1 — 1; the derivation is shown in Appendix II.
the estimates ofy; and v are highly statistically significant In most cases, we found the error due to the first order
from zero (i.e., at the 99% confidence level to reject the nulhylor approximation to be negligible. Henceforth, we refe
hypothesis that they are zero). Thus, the ARCH effect and tteeE[z;|.F;—1] from (8) as the MMSE forecast fof,.
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LPC (90%) ------

Dataset | of bandwidth units. In particular, it represents a fractigrihe
ouB | 0 total available bandwidth in the system. By taking into acdo
EF . . . g
sMB UPC (90%) -~~~ A the weighted sum of two recent forecast errors in decidieg th

effective forecast, we can conservatively address theesudd
spikes and declines that cannot be effectively dealt otiserw
In order to be more flexible with the degree of sensitivity
toward spikes and declines, we defisensitivity-up-quantum
s25AM T00PM andsensitivity-down-quantumespectively rather than a single

2mMB

Data rate (in bytes/sec)

Time (15-minute window) parameter. A positive weighted forecast error is measured
Fig. 4. Exact forecast curve along with 90% forecast limitsven for part against senS|t|_V|ty-up-quantum Whereas a _neQatlve weight
of Day-11 (from 8:15AM till 4:00PM) forecast error is measured against sensitivity-down-fyuman

We refer to the forecast curve generated by the probability-
hop forecast algorithm as the Probability-hop Forecasw€ur
V. MODIFIED PROBABILITY-HOP FORECASTING (PFC). We have observed that the PFC value conform to the

The MMSE forecast, by definition, does not differentiat&FC value in regions that are not punctuated by high system
between the positive and the negative deviation from therturbations, thus giving a good, close fit to the time serie
unknown true series value of the future. In other words, thgowever, if a sudden spike (decline) occurs, PFC will hop
MMSE forecast is unbiased about the direction of the devifiom EFC to UPC (LPC) in the next forecast instant. Without
tion. However, from the bandwidth provisioning perspestiv 10ss of generality, we set the significance level of gradiette
forecast miss (under-forecast) is more undesirable than thO in order to initiate a shift in the corresponding direntiA
over-forecast. Hence, there is a need to augment the MMB@her (lower) significance level can be achieved by indreps
forecast insomeway to reduce the number of forecast misseédecreasing) sensitivity-up(down)-quantum.

Our approach involves considering the probability limide{  For clarity, notations used in the probability-hop forecas
rived from the conditional forecast distribution) as we#l aalgorithm are summarized in Table II. In addition, we in@ud
the forecast errors from the last two periods. We consider th
two recent forecast errors based on the assumption that in a
dynamic traffic context, these errors reflect the transiafine

of traffic dynamics well. Below, we present a modified version | As, | sensitivity-up-quantum (input parameter)

of an algorithm from our previous work [16]. _ AS, | Sensitivity-down-quantum (input parameter)

Let 2,1 (1) denote the one-step forecast:pfat timet — 1. PF. | Probability-hop forecast for time made at timet — 1
Then, the confidence limits (probability limits) éf_, (1) for

TABLE Il
NOTATIONS

del (6 be qi foll A dix I for d i et One-step probability-hop forecast error at timé:; — PF;)
mode ( ) can be given as Tollows (See ppendix fTior e)al S Yt Weight associated with the probability-hop forecast eao
5 / i <y <
Zt(:li) = Zt—l(l) + tu B Mtzt—l (9) timet (0<% <1)
. ) 2 o ) 9 Weighted sum of the two recent probability-hop forecast
wheret, s is the deviate from the Studentistribution withy errors
72 . .. " N L
degrees of freedom corresponding to 166(1—3/2)% limits. 6, Critical value to derive100(1 — 2)% limits of one-step

forecast distribution (input parameter)

We define three curves: Upper Probability Curve (UPC), Exac
Forecast Curve (EFC) and Lower Probability Curve (LPC)
with their values at time given asz,_; (1) + t,,yg\/mth, UB and LB as upper and lower boun_wd; on the system pand—
51(1) and2,_1(1) — t s v/Miz_1, respectively. Note that width, respectively. The formal description of the probigyi

; . op forecast mechanism is presented in Algorithm 1. The
EFC represent the MMSE forecast curve. Fig. 4 shows EF\};&érsion presented here differs from the one presented ih [16

UPC and the LPC for 90% probability limits along with the

n two aspects. First, if BE; was at the UPC value, it will
actual measurements for part of Day-11 for data set |. The _. S .
L remain at the UPC value at timef the gradient evaluated at
observed value;; has been found to stay with in the 90%

probability limits most of the time time ¢ is still gre.ater .than zero; if the gradieqt at tlimis Iess'
' than zero, PFwill shift to the EFC value. This adjustment in

_ the algorithm further reduced the number of forecast misses
A. Algorithm without increasing the overall minimum mean square error

The fundamental idea behind the probability-hop forecasignificantly. Second, an adaptive mechanism is introduced
algorithm is to increase theensitivity of the forecasbward here to determine convex weightg, ; and~;_», associated
sudden rise/drops by hopping among the UPC, the EFC awith forecast errors as compared to fixed valugs,; = v;_»
the LPC values at each forecast instant in an attempt %0.5, used in [16].
reduce the number of forecast misses as well as to reducdhe role of convex weightsy, ; and ~,_,, that satisfy
the extent of over-forecast. The curve on which the effectiv, _; + 7,2 = 1 is to achieve smoothing of probability-
one-step forecast value (probability-hop forecast) fatleach hop forecast errors. It is evident from Algorithm 1 that the
time instant is decided based on the gradient of the weighteladbice of these weights play a crucial role in controllihgnd
sum of the two most recent forecast errors with respect tiwereby, creating the shift among the three forecast cu@es
sensitivity quantumWe define the sensitivity quantum in termsdaptive approach to determinge_; and~,_» is described in
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Algorithm 1 MoPHForecastAS,,, AS,, 3, UB, LB) le;1| from the conditional distribution. Similarly, we

PR_o «— z_3(1); PR_1 < 2;_2(1) compute areaLt_ag for e;_o.

while true do 2) Sety,_1 = ——+1 _and thusjs_o = 1 — v,_1.
et—2 — zt—2 —PR_2j et—1 — 211 — PR _ _ (at—1 +‘at_2) _ _
Ye_1 — ComputeWeights(t — 1, e,_1, e1_2) This step isComputeWeights(-) in Algorithm 1.
Y2 — 1.0 —v1
V= e_17—1 + e—2¥i—2 C. Algorithm ParametersAS,,, AS; and 3
E';Ct* - Zj*Q(l); EFG — 2,.1(1) We now discuss three crucial parameteisS,, AS,; and
UPGi—1 - Za(l) 41, 8V Miorz2 £, that are input to Algorithm 1.
UPG Zt—l(l) +t sV Mz It may be recalled that boti\S, and AS, represent a
LPCi_1 «— 2 2(1) —t, 5/ Mi—12i—2 fraction of the maximum available bandwidth in the system
LPC, — %_1(1 ) L8 z/fzt 1 except that we associate a direction with it. It follows from
if 0> 0 then e the definition that as we increageS, (AS;), the sensitivity

of the PFC toward the UPC (LPC) decreases. Consequently,
|f ((p,:t 1—EFQ L or PF_,=UPG_,) and UPC, < the PFC will follow the EFC closely. On the other hand, as

UB) then we decreas@dsS, (AS,), the PFC becomes highly sensitive to
PF, — UPGC, the transient network dynamics, thereby, capturing mogtef
else sudden spikes (declines). As a result, the PFC will oseillat
PF, — EFC, among the EFC, UPC and the LPC much more frequently
else leading to an increase in the mean square error of forecasts.
if (PR_,=LPC,_; or PF,_1=EFG_, or (PR_; = Thus, a match between a low mean square error and a desired
UPC;_; and UPC; > UB)) then level of sensitivity is sought in the selection of the sewisjt
PF, — EFC, quantum in each direction.
else It is evident from Algorithm 1 that parametgrdetermines
PF, — UPGC both the UPC and the LPC. The range of valuesdarould
else be set to any value from 0.1 to 0.99; the smaller the value,
if 2% < —1.0then the larger will be the difference between the EFC and the
if (dPFt_1=EFCt—1 and LPC; > LB) then UPC/LPC. Thus, a larger mean square error (MSE) will be
PF, « LPC, observed than that of using EFC. At the same time, smaller
else values ofg reduces the number of forecast misses. As a result,
PF, — EFC, the choice ofg can be guided by a desired balance between
else the fractional increase in the MSE and the fractional desrea
PF, — EFC, in the number of forecast misses.
t—t+1
end while D. Algorithm Evaluation

In this section, we evaluate the modified probability-hop
forecast against the MMSE forecast for the Day-11 data. We
consider three metrics: (i) Fractional Increase in erraog th
Over-Forecast (FIOF), (ii) Fractional Decrease in erroe thu
B. Adaptive Determination of Weights;_; and ~,_» Forecast Misses (FDFM), and (iii) Difference in the numbler o
Forecast Misses (DFM). Let the cumulative error observesl du
to the over-forecast and the under-forecast for the fotewps
schemeS be denoted byCEY and CEY/, respectively.
2y — E[z¢|Fi_1] ~ Studentt(0, M 22 |, v) (10) Furthermore, letNF Mg be the number of forecast misses

observed for the forecasting schefieThen, the metrics are
It follows that the conditional distribution of one-stepyefined as follows:

probability-hop forecast error at time: is also Student-

the next section.

From (23) in Appendix II, the conditional distribution of
one-step forecast error at timds given by

distributed with scaleM,z? ; and v degrees of freedom. FIOF — (CE;]; CEMMSEF) (11)
However, the mean of such a distribution is zero only if PF CEY \ spr

falls on the EFC value. Otherwise, the mean will be less (CE“f _CEY )

than or greater than zero depending on whether fafis FDFM = PgEuf MASEE (12)

on the UPC value or the LPC value, respectively. Using the MMSEF

knowledge of the conditional error distribution, we obtéie DFM = NFMymser — NFMpr. (13)
weights as follows: For our evaluation, we varied values of input parameters,

1) If e;—1 is the one-step probability-hop forecast erroAS, and AS,, from 2%, 4%, 5%, 8% to 10%. In particular,
observed at time — 1, we compute the area, to bewe are primarily interested in the pairsiA§,,AS,), with
denoted bya;_1, that is enclosed between|e;—;| and AS; > AS,. The consequence of havildS, lower than
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TABLE Ill
PROBABILITY HOP FORECAST RESULTS

Data Set | Data Set IlI
50% Limits 90% Limits 50% Limits 90% Limits

AS,,AS; | DFM FDFM FIOF DFM FDFM FIOF DFM FDFM FIOF DFM FDFM FIOF

(2%,2%) 1 -14.23% | 46.19% 13 -15.48% | 191.17% 6 -24.89% | 34.58% 14 -10.28% | 202.00%
(2%,4%) 1 -14.23% | 47.65% | 14 -16.60% | 193.96% 6 -26.19% | 42.50% | 16 -19.31% | 208.44%
(2%,5%) 2 -18.14% | 46.81% 14 -16.60% | 193.96% 8 -27.81% | 45.62% 18 -33.12% | 214.65%
(2%,8%) 3 -20.29% | 46.25% 8 -28.44% | 168.64% 10 -32.73% | 46.31% 19 -43.73% | 203.22%
(2%,10%) 3 -20.29% | 49.88% 9 -32.53% | 165.31% 11 -34.09% | 47.55% 20 -49.50% | 197.54%
(4%,4%) 1 -14.23% | 43.71% 14 -16.60% | 183.05% 2 -16.42% | 27.94% 12 -7.50% | 187.70%
(4%,8%) 3 -20.29% | 42.32% 8 -28.44% | 157.73% 6 -22.66% | 33.83% | 13 -26.33% | 154.73%
(4%,10%) 3 -20.29% | 45.95% 9 -32.53% | 154.39% 7 -24.02% | 35.06% 14 -32.10% | 155.97%
(5%,5%) 0 -13.22% | 27.98% 6 -10.87% | 134.69% 0 -12.95% | 20.37% 12 -11.20% | 160.45%
(5%,8%) 2 -16.28% | 29.74% 7 -21.39% | 136.70% 3 -19.11% | 28.04% 10 -22.79% | 129.77%
(5%,10%) 2 -16.28% | 33.37% 8 -25.48% | 133.36% 4 -20.47% | 29.28% | 11 -28.56% | 131.00%

AS,, is that it forces the probability-hop forecast to be inaineAlgorithm 1. The underlying assumption of these provisiani
more toward the LPC than the UPC. Such a behavior has #ehemes is that the bandwidth can be allocated or dealtbcate
direct implication of liberal bandwidth deallocation frothe only in discrete units referred to d@mndwidth quantumWWe
provisioning module leading to increased data loss. THem, tfurther assume that bandwidth quantum is expressed as a
choices of3 considered are 0.5 and 0.1 which translate infoaction of maximum available bandwidth on a link (similar
50% and 90% confidence limits, respectively. Due to spate AS, and AS,).
limitations, we present our evaluation results for datalset Suppose that RFrepresents the probability-hop forecast
and data set Il in Table III. for time ¢, AB represents the bandwidth quantum, d@hg,.

From results shown in Table Ill, we have the followingepresents the maximum available bandwidth in the system.
major observations: (i) in general, the difference in thenau Then, thebandwidth requiremerdt timet is determined as
ber of forecast misses (DFM) is greater for the probability- PE
hop forecast with 90% limits than with 50% limits, (ii) the B; = min { {ﬂ x AB, Cmm}. (14)
difference in the FIOF between 50% limits and 90% limits AB
is much greater than the difference in FDFM, and (iii) fofhat is, we choose either the upper bound of the interval
a given g, increasingAS, with fixed AS, improves FDFM [(k — 1)AB,kAB] (k > 1) in which PR falls, or, the
while increasingAS,, with fixed AS; decreases FDFM. The maximum available bandwidth if RFalls outside the available
first and second observations follow directly from the ey bandwidth region.
larger enclosed area associated with 90% probabilitydim&  In an attempt to reduce the short-term data loss and to
compared to 50% probability limits. The third observati@amc increase the bandwidth utilization, an utopian provigigni
be explained by the relative decrease in the sensitivithef tscheme would provision according t5; at each instant.
probability-hop forecast toward the LPC than toward the UPBowever, such a scheme triggers frequent bandwidth updates
and vice versa. Moreover, it may be noted from Table Ill th&nd can lead to oscillatory/unstable behavior; such egoily
for some choices ofAS,, ASy), even if DFM is zero, there behavior was reported earlier in [13] for time-varying Rois
is a gain in FDFM, complemented by an increase in FIORaffic. In our case, frequent update also results in highadig
Since the gain in FDFM translates to reduced loss, this efféng overhead. Thus, our provisioning schemes are also aimed
is desirable. As a final note, it can be inferred from Table 1At reducing the signaling overhead in addition to meetirgy th
that choosing 50% probability limits against 90% probdpili loss and the utilization constraints. Henceforth, we ridehe
limits i.e., choosing3 = 0.5 achieves a good balance betweentopian scheme as the Instantaneous Bandwidth Provigionin
maintaining the mean square error closer to the MMSE af@B3P) scheme.
in reducing the number of forecast misses.

A. Stabilized Bandwidth Provisioning BP)

The principle of this scheme is to allocate immediately
A predictive bandwidth provisioning scheme provisiong/hen there is a need while following a conservative approach
bandwidth for a future time instant based on a forecastéd deallocation. We achieve this conservative deallocatio
bandwidth value from the forecasting subsystem as well #sough maintaining a Hold Down Timer (HDT). The idea
on the desired performance metrics reflecting the servied leof using a timer to slow down the message exchanges has
requirements of the traffic. In this section, we present banbeen previously used in computer operating systems to preve
width provisioning schemes that take as input the prolgbili thrashing, in routing protocols to reduce the communicatio
hop forecast computed usindoPHForecast) presented in overhead and oscillation, and so on. L®BPL; denote the

VI. QUANTIZED BANDWIDTH PROVISIONING SCHEMES
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bandwidth provisioned at time using this scheme an¢
denote the last time instant at which the bandwidth was
updated. Then,

max{B;,SBP;_1} (t—1)—t, <t

SBP, = { . (19)

B, (t—1)—t, =t
Heret is the hold-down timer. As long as the timer is running,
if an allocation is required3; as defined irf BP is considered.
However, if deallocation is required, the value remains at
SBP:_1 until the timer expires. Upon expiry of the timer,
we use agair3; to update the bandwidth requirement.

B. Stabilized Bandwidth Provisioning with Local Maxima
(SBPL)

This scheme is a variant of tlf&3P scheme. The difference
is only whether the bandwidth is to be released upon the
expiration of the hold-down timer. IBW™* represent the
local maximum of the bandwidth requirements (recorded in

AS,;) and the next level throughh 5. This cumulative
smoothing effect produces a significant gain in terms of
reduced data loss. As an attempt to quantify this gain, we
define a gain factor relating the total number of under-
provisioned instances with the under-forecast instances.

T
- 21z —PR >0y — Iz —BW>0})
- T
Zt:1 I{thth>0}
wherel;,oy assumes.0 whena > 0 and0, otherwise.

GF

(19)

5) Cost Function ¢F): It is a linear weighted function that

takes into account both the total slack bandwidth and
the total under-provisioned bandwidth over the period
T. Precisely, it captures the area between the bandwidth
envelope and the forecast envelope. As it is undesirable
to have under-provisioned bandwidth at any instant, we
associate a cost facter> 1 with the under-provisioned
bandwidth. Then, it follows that

T

the last HDT period), then

maX{Bt, SBPEtfl }
max{B;, BW™*}

(t—l)—tl<t: (16)

SBPL, =
Pl { (t—1)—t, =1

Note that if B; is less thanBW™®, then upon the expiry of
the hold-down timer, we deallocate only up V™" rather

than B; as in the case of th&§ BP scheme.

VIl. RESULTS

In this section, we present results for our integrated Prefoices of AS

T
CF=> (BWi—z), +7Y (2 —BWy), (20)
t=1 t=1
where (z — a), is equivalent to(x — a) if 2 > a and
assumes) otherwise.

B. Evaluation

In this section, we evaluate the provisioning results using
the above metrics. We consider the probability-hop forecas
(PFC) as well as the MMSE forecast (EFC) in our evaluation.
The choices ofAB are 2%, 4%, 5%, 8% and 10% and the
. ASy) pairs for the probability-hop forecast

visioning framework. We first state the performance metri%[sre based on results from Section V-D. For each data set, we

used to evaluate the provisioning framework. Recall that
denotes the observed data rafd;}V; denotes the bandwidth

provisioned at timeg using one of the schemes.

A. Performance Metrics

1) Average Utilization¥,.,): The average utilization mea-

use the first 10 weekday data for developing a time series
model and consider the next 5 weekday data for evaluating
the effectiveness of our approach. Due to space limitatien,
present the evaluation results of our bandwidth provisigni
framework only for the 11" Day.

1) Average Utilization and Loss MetricsWe primarily

sures the fraction of bandwidth used to serve the dadiscuss results for th6 3P scheme and th8 5P L scheme. In

traffic. It is computed as follows:

1 ) . z
Uavg = T ;mln{BVt\/t’ 1.0}.

2) Average Under-Provisioning RatioA{/PR..4): The

7

average under-provisioning ratio gives a measure of
bytes dropped at the interface due to bandwidth und

provisioning. It is computed as follows:

Zt — BWt

B ,0}. (18)

T
AUPR g = % Z rnax{
t=1

general, theZBP scheme displays markedly high utilization
and relatively higher loss as compared to the other two
schemes when all the other parameters are being the same.
Such a behavior is due to the increased sensitivity of/th@
scheme toward traffic fluctuations. For example, if we compar

&in (over various values of the paksS,, AS;) of nearly
0% from theSBP scheme with respect to tlE3P scheme.
However,U,,,, falls down only by 4% on average.
In Fig. 5 and Fig. 6, we present the average utilization
(Uqwg) and the average under-provisioning ratidiAPR q.4),
respectively, for theSBP scheme for all the three data sets.

g\UPRavg of data set | forAB = 2%, we observed an average

3) Signaling Frequency §F): The signaling frequency We have considered the hold-down timer to be 3 time units
helps to evaluate a bandwidth provisioning scheme irere. For any giver\5 value, in all three data setd// PR q.q
terms of how often bandwidth allocation/deallocation iss relatively higher for symmetricXAS,,, AS;) pairs i.e., (2%,
done. It directly affects the signaling cost that will b&%), (4%, 4%) and (5%, 5%) as compared to the other pairs.

incurred.

On the other hand, in generadl/ PR, for pairs with AS,

4) Gain Factor GF): In our provisioning framework, the higher thanAS, is relatively lower than that of the EFC value.
MMSE forecast generated from the time series mod&he evidence for this behavior is more pronounced in data

undergoes the first level of smoothing throughs,,,

set lll than the other two data sets. Furthermore, with dlépt
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Fig. 5. Uavg for SBP scheme
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Fig. 6. AUPRavy for SBP scheme

parameters being the same, the average under-provisiornting previous HDT period. A similar trend can be observed in
ratio and the average utilization tend to be higher in dat#lise Fig. 9 for data set Ill in the neighborhood ©f 53. WhenAB
relative to the other data sets. This behavior can be exgalairis increased from 2% to 10%, we observe a relatively lesser
as follows. The variance of the one-step forecast dependsfluttuation in the bandwidth envelope, less frequent badtiwi
estimates ofag and «; from (6); this, in turn, affects the updates (see Fig. 8 and Fig. 10). However, the trend among
bandwidth envelope. Since the estimatengffor data set Il the schemes remains similar to thatAsf3 = 2%.
(see Table VI) is almost twice that of the other data sets, the3) Results on Signaling FrequencyWe present results for
mean square error tends to be significantly higher relative AB = 2% andAB = 10% in Table IV for data set |. Our
the other data sets, and hence, an increased chance ofsforegggent here is to summarize the impact of increasing/dsimga
misses (thereby under-provisioning). AB on the signaling overhead with respect to the provisioning
In the case of theSBPL scheme, we observed a similaschemes. Hence, we omit the results for data sets Il and llI.
behavior as that of the&sBP scheme with respect to all From Table IV, it can be observed that 3 = 2%, theSBP
three data sets. However, in general, we noticed a decregsskeme incurs less significant overhead tharZth® scheme.
in AUPR.., and a decrease i, relative to the other two Furthermore, for the&sBPL scheme, subsequent reduction on
schemes due to the conservative deallocation policy. the overhead is evident here attributing to the more coaserv
2) Provisioned Bandwidth Envelopén order to present a tive deallocation policy. FoAB = 10%, a similar trend can be
picture at a finer granularity (as the series evolves), wegue noticed, however, with less intensity. When we consider the
the provisioned bandwidth envelope along with the observédpact of change in thé\S, and theAS; on the signaling
data ratez; on the eleventh day (for data sets | and IIl) fa3  overhead, we observe a more oscillatory behavior with @spe
= 2% andAB = 10% in Fig. 7-10, respectively. The-axis to all the schemes. In general, an increaséi$}, brings out
represents the time index based on the 15-minute time windewgradual reduction in the overhead. Additionally, it can be
with “D11” on the z-axis representing the ¥6sample on the pointed out that the signaling overhead due to using the EFC
eleventh day. From the results above, we observed a gre4dMSE forecast) is lesser than that of using the probability
similarity between data set | and data set Il than data set Ihop forecast for a few of theXS,,, AS;) choices. It may be
Thus, we restrict ourselves to present the envelope for daggalled that the data loss is maximum with the EFC across
sets | and lll. Furthermore, the value of paik§,, AS;) is all provisioning schemes (see Fig. 6 for data set I). Morgove
restricted to (2%, 10%) since our intent here is to compage tthe provisioning schemes aret designed to minimize the
provisioning schemes. signaling overhead, rather to guarantee an acceptable-unde
In the regions of traffic rise, all schemes respond in the sargVisioning ratio while maintaining a reasonably higHizd-
manner in order to minimize the data loss. However, as it céian and hence, the observed behavior.
be observed, these schemes respond very differently talhe f 4) Results on Smoothing Effectin order to illustrate the
in the traffic data rate. For example, in Fig. 7tat 41, there smoothing effect of the modified probability-hop forecast
is a big upward jump in the bandwidth envelope with all threimduced by the bandwidth provisioning module, we present
schemes. Following this, dt= 42, the bandwidth envelope GF for data set | in Table V for two extreme valuesAf3. For
associated with th& BP scheme falls while it does not with AB = 2%, an average gain of around 50% is achieved in terms
the other two schemes. After three time periods (the duratiof avoiding under-provisioning for th& 3P scheme. For the
of the hold-down timer), the bandwidth envelope of the oth@ther two schemes, the gain further improves to around 80%.
two schemes falls down. It may be noted that, with&®PL The implication here is that a forecast miss (under-fordcas
scheme, the drop is only up to the local maximum duringeednotlead to under-provisioning all the time. Such a gain is
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TABLE IV
SIGNALING FREQUENCY (DATA SET 1)

ASy,AS,

AB = 2%

AB = 10%

IBP

SBP

SBPL

IBP

SBP

SBPL

EFC

67.71%

37.50%

34.38%

32.29%| 19.79%

14.58%)

(2%,2%)

67.71%

39.58%

36.46%

34.38%| 21.88%

19.79%

(2%,4%)

69.79%

38.54%

35.42%

34.38%| 21.88%

19.79%)

(2%,5%)

70.83%

39.58%

35.42%

35.42%| 23.96%

16.67%

(2%,8%)

70.83%

37.50%

35.42%

32.29%| 21.88%

19.79%)

(2%,10%

70.83%

37.50%

35.42%

32.29%| 21.88%

19.79%

(4%,4%)

69.79%

38.54%

35.42%

34.38%| 21.88%

19.79%)

(4%,8%)

70.83%

37.50%

35.42%

32.29%| 21.88%

19.79%

(4%,10%

70.83%

37.50%

35.42%

32.29%| 21.88%

19.79%)

(5%,5%)

68.75%

37.50%

33.33%

30.21%| 18.75%

18.75%)

(5%,8%)

69.79%

36.46%

33.33%

29.17%| 18.75%

18.75%)

(5%,10%

69.79%

36.46%

33.33%

29.17%| 18.75%

18.75%)
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Fig. 10. Provisioning for Day-11, Data Set [INB = 10%)

of the cost function {F) for = = 1, 5, 10, 25, 50 and 100.
Our objectives are twofold here: 1) to show the impact of
7 on the cost function, 2) to show the relative reduction in
the cost (as we defined here) that can be achieved through
the probability-hop forecast (PFC) over the MMSE forecast
(EFC). Adhering to these objectives, for varioyswe present
the fractional increase/decrease in the cost due to usiag th
PFC, with respect to the cost incurred with using the EFC.
Thus, in Fig. 11 and Fig. 12, we represéifgrc using the
zero axis (reference axis). A shift on the negative (posjtiv
direction for a givenr and AS,,, AS,), indicates a decrease
(increase) in its cost relative to the EFC.

It can be inferred from Fig. 11 that for tHEBP scheme,
except forr = 1, the cost incurred from the framework
(using the probability-hop forecast) is still less than twest
due to using the MMSE forecast for provisioning. When we

offset by some increase in the slack bandwidth. As we inerea@hooser = 1, we associate equal penalty with both the under-
AB from 2% to 10%, the effect is more pronounced.

TABLE V
SMOOTHING EFFECT OFAB - GF (DATA SET 1)

ASy,AS,

AB = 2%

AB = 10%

IBP

SBP

SBPL

IBP

SBP

SBPL

(2%,2%)

54.00%

68.00%

80.00%

74.00%| 88.00%)

92.00%

(2%,4%)

54.00%

70.00%

80.00%

74.00%| 88.00%

92.00%

(2%,5%)

57.14%

71.43%

81.63%

75.51%| 87.76%)

93.88%

(2%,8%)

58.33%

72.92%

79.17%

77.08%)| 87.50%

91.67%

(2%,10%

58.33%

72.92%

79.17%)

77.08%| 87.50%)

91.67%

(4%,4%)

54.00%

70.00%

80.00%

74.00%| 88.00%

92.00%

(4%,8%)

58.33%

72.92%

79.17%)

77.08%| 87.50%)

91.67%

(4%,10%

58.33%

72.92%

79.17%

77.08%| 87.50%

91.67%

(5%,5%)

56.86%

68.63%

78.43%)

74.51%| 86.27%)

90.20%

(5%,8%)

59.18%

71.43%

77.55%

75.51%)| 85.71%)

89.80%

(5%,10%

59.18%

71.43%

77.55%)

75.51%| 85.71%)

89.80%

provisioned bandwidth and the slack bandwidth and hence,
the cost is dominated by the slack bandwidth. In fact, it can
be recalled from Table Il that the fractional increase iroer
due to over-forecast (FIOF) is much higher than the fraetion
decrease in error due to forecast misses (FDFM) almost all
the times. Hence, an increase in the cost can be expected.
With the SBP and theSBPL schemes, we have an increased
cost (with respect to the EFC) for even= 5 in addition

to 7 = 1. Since, these two schemes follow a conservative
deallocation policy, the total amount of slack bandwidthl wi
be in general more than that of tHE3P scheme thereby,
contributing to an increase in the cost. With increasihf
values, the average under-provisioning ratio decreases to
greater extent and hence, its contribution to the cost fomct
decreases reducing the overall cost (see Fig. 12Xy =
10%). Among various choices ¢AS,,, AS,) for a givenr,

we notice a lesser cost for lower magnitudes &f, and
AS,. This can be attributed to the decreased sensitivity of the

5) Results on Cost Functionto evaluate the overall utility probability-hop forecast envelope toward the UPC or the LPC
of our bandwidth provisioning framework, we present resulbn increasingAS,, values.
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C. Controlling Bandwidth Increase ratio remains the same as that of the unrestricted caseofutith

any limit). However, the average utilization increased!ly.

So far we have presented evaluation of our provisioni . L
framework through various metrics. In this section, we a$sc r]_?the maximum limit is further reduqe_d, we may observe an
ncrease in the average under-provisioning ratio. In ganer

the impact of setting a maximum limit on the allowablé . . . e
. . . . . . our framework is flexible enough to incorporate restricsion
increase in the bandwidth requirement from one time window . : .
. T . on the maximum allowable increase of the bandwidth thereby,
to the next. This exercise is aimed to control dibgral band- : : :
ddressing the rare undesirable events. Furthermore yovir p

width allocation that can result in the case of unprEdiHabZionin schemes can be tuned to toaale between the restricte
high traffic spikes due to denial-of-service attacks. 9 99

. nd the unrestricted mode in real-time depending on thet inpu
Under the assumption that such events can be detec?l P 9 P

) om the anomaly detection system.
through an external anomaly detection system, our provi- y Y

sioning framework can react to it by setting a limit on VIIl. SUMMARY
the maximum allowable fractional increase from the current '

bandwidth provisioned. In Fig. 13, we illustrate this in the !N OUr pursuit to answer a basic question on whether an
case of data set | foAS, = 2%, AS, = 10% andAB = effective dynamic provisioning scheme can be developed for

2%. For illustration, we have set the bandwidth increasét linflonstationary periodically measured data lacking infdroma
here to 60%. For comparison, we have included the bandwidRout the underlying stochastic process, we have madeasever
envelope in the unrestricted mode where there does not efgY contributions:

any limit on the allowable increase in the bandwidth. tmay b « On investigating real-world nonstationary periodically
noted that such a limit is irrelevant in the case of dealiocat measured data, we found that such data has nonstationar-
of the bandwidth (bandwidth decrease). We note that there ar ity of the second order. It may be noted that standard
ARIMA based models are not adequate in capturing
this behavior. More importantly, we have developed a
et seasonal AutoRegressive Conditional Heteroskedasticity
P tnresticted 1 (ARCH) based model with heavy-tailed innovations (dis-
turbances) to characterize the traffic data rate dynamics.
To our knowledge, this is the first attempt to character-
ize periodically measured nonstationary network traffic
through an ARCH-based model that incorporates heavy-
tail distribution; it may be noted that ARCH-models have

Data Set |

=)

@

IS

N

Throughput (in Mbytes/sec)
m

i

’ B ewnion o1t been previously used primarily in Econometric modeling.
o We illustrated why MMSE-based forecast is not ap-
Fig. 13. Comparison betweef3P unrestricted and&BP restricted propriate in the context of dynamic bandwidth pI’OVi-

sioning since under-forecast should be avoided as much
two time instants#(= 35, 42) at which the fractional increase as possible in order to meet service level agreements
in the bandwidth requirement from the previous time instant between customers and network providers. Instead, we
is more than 60%. For example, at= 42, the bandwidth proposed a modified probability-hop forecast algorithm
rise with theSBP scheme in the unrestricted mode is higher  for forecasting one-step ahead forecast which extends the
than that of the restricted mode. In spite of the limit on the earlier work on [16]. We illustrated the intractability of
maximum allowable change, the average under-provisioning deriving the one-step forecast of the observed serjes
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from the forecast of log transformed series (of whickwvorks, when completed, will be reported elsewhere.
the heavy-tailed ARCH model is based) and proposed
a reasonably good approximation to compute the same.

« Building on the probability-hop forecast, we present
dynamic bandwidth provisioning schemes which incor- We thank the anonymous reviewers for their constructive
porate quantized bandwidth steps as well as a hold-dowdmments which have helped improve the presentation of the
timer to avoid oscillation. paper considerably. We also thank Justin Malyn of UMKC In-

« We have developed several performance metrics to d@rmation Services for his help in obtaining measuremeata d
sess the effectiveness of dynamic bandwidth provisionirgg the Internet link connecting the University of Missouri—
schemes. Based on extensive computational studies, Ménsas City to MOREnRet.
have shown that indeed we have developed a robust
framework for dynamic bandwidth provisioning. Specifi-
cally, our approach minimizes under-forecast while keep-

ing the utilization high, yet the signaling overhead is also From data set I, we isolated the first 100 samples (little over
indirectly reduced. a day) based on 15-minute time windows of measurements.

While we have presented our studies using the measurem\é\ft identified and fitted ARIMA(,1,1) based on the first
dt

windows to be of 15 minutes interval, our dynamic bandwi samples, i.e. over 8 hours; the Ljung-Box diagnostic test
' y confirmed the adequacy of the model. The parameters of the

provisioning approach is general gnd can b(_a apphed_ to. aModel are estimated using the maximum-likelihood function
time window of measurements. Still a question remains: o

matter how small or large this interval window is, it is." order to monitor the changes that might happen in the

quite possible that there is a legitimate traffic spikeween parameters of the identified model, we adopt the cumulative

two successive measurements for which the provisioning Sgore approach proposed by Yuzhi et. al [7]. This method is

quite inadequate. Such in-between spikes can be Iabeled‘aggllc"ibIe to general ARIMA time series models. Esseyiall

. . . . g theé cumulative score approach does not provide a measure
microcongestionAn important question then is: how does our

approach handle eicrocongestiod Our approach does notof new estimate rather, indicates a possible direction of dr

directly address this question. Rather. our approach can f[%om the current estimates. The cumulative score as a fuamcti
y q ) ’ bp of time is shown in Fig. 14; here, the x-axis represent the

adaptedindirectly to handle such a situation by consideringaime index of the isolated samples from data set I. The

a commonly used principle followed by large Internet sesvic . . . -
. ) . ; . autoregressive coefficients and the moving average caeftei
providers when they do traffic engineering of their networks

i 0
this principle limits the average link utilization to tyiky no are denoted here by andg, respectively. We uses{, 67) to

i 1
more than, say, 60%, for traffic engineering—this then allov&jsenOte the current estimates antl61) to denote the other

rooms for any short-term spikes being adequately handl 8SSIb|e estimates. Unftil= 50, there is a gradual decrease in

by the provisioned network capacity. Using a similar ide% € score for both parameters. However, betweens0 and
if we use another parameter, say with 0 < A < 1), = 54, the rate of decay becomes much higher for hoth

then the quantized bandwidth determined by our approach Cz%lnnd 0, indicating inadequacy of their current estimates at that

) . o point in time. This observed behavior of cumulative scoring

B i o Songl RACILE an ot ofiadeguacy at o

. s . . .t =50 in the current estimate of; and6;.
did not explicitly include this parameter in our presermaton
bandwidth quantization; such a parameter will automdtical
increase the capacity to the point where no loss would be 0 —
perceived at all. Since our goal was also to understand g% lo 2oz = u
trade-off, especially in our analysis, we did not includés th e
as a built-in parameter. Secondly, depending on the terms of
the service level agreements (SLAs) between a customer and
its network provider, some amount of short-term loss might b s 8 oo
acceptable as long as SLAs are met over a longer term, agreed oo R
upon window. Nevertheless, a parameter suchhasan be
added to our schemes if provisioning is required to addnegs
microcongestion issues. In any case, it is important togeesi
a provisioning scheme in such a way that under-provisioning
is minimized to avoid any consequential effect on the time
series itself.

Finally, our forecasting step was to look out one-period FOF @ Sequencey, z, ..., the rate of change between two
ahead. As a part of future work, we plan to investigafg/cC®SSIVE valges IS given ey, — Z,’f—l)/zk—l for k> 2.
forecasts for multiple periods ahead. We are also currémtly From the logarithmic series expansion, we have
vestigating how to directly incorporate the signaling dwe=d 2k 2k 2k
cost as part of the bandwidth provisioning schemes. These In (7) =In (1 + ( N 1)) = ( B 1) (21)
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for (2;/z—1—1) < 1. Now, by subtractindn z;_; from both
sides of (7) and using (21), we obtain an approximation fof

(2 /2zk—1 — 1) from which it follows that
[2]

5
2 (1 +(x1—1)Inz_+ in Inz_; [3]
7=2

T+5 2T+1 [4]
+Y iz 4+ > xklnzk [5]
j=T k=2T
3741 [6]
+ Z Xs In Zt—s>2t—1 +Erz—1- (22)
s=3T [7]
By taking the conditional expectation of (22) with respett t
Fi—1, we have the desired result (8). [8]
In order to derive the probability limits, we assume an
equality relationship in (22). Then, we have, [9]
Zt — E[Zt|ft,1] + E¢2p—1. (23)

10
From (6b) and (6c¢), it is evident that the conditional dis[— ]

tribution of ¢,|F;_; is Studentt distributed withv degrees

of freedom and scaleM;. From (23), it follows that the (1]
distribution of statistiqz; — F[z|Fi—1]) /z:—1 iS same as;.
Therefore, the confidence limits df[z;|F;_1] can be given [12]
by [13]

Elz|Fiq] £ t,8V Mz (24)
wheret, s is the random deviate from the Studenthistri- Hg}

bltJtion with v degrees of freedom and unit scale such that
fo”‘g fi,(x) de = (1 - B)/2 and f,, (x) is the corresponding [16]
probability density function.

[17]
APPENDIXIII

Here, we present the estimates of parameters along V\ti}_ﬁ
their ¢-statistics in parenthesis evaluated through the maximum
likelihood function for all the three data sets in Table VI. 19)

TABLE VI
PARAMETER ESTIMATES
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