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where k is the length of observation. If the smoothing factor is close to 1, it gives less
smoothing cffect and will be very responsive to the current changes in the trend. On the contrary,
if the value of smoothing factor is close to 0, the curve will be much smoother and less
responsive to the trend. Depending on the ways of how the smoothing factor s calculated, two
types of EMA can be differentiated: static EMA and dynamic EMA. In static EMA, the
smoothing factor is calculated using the constant value of chosen obscrvation length k. In
dynamic EMA, the value of k changes dynamically and is defincd as a length of subsct for the
given interval length, Actually, the best value of smoothing factor depends on application
domain. The value of smoothing factor for dynamic EMA can be calculated bascd on regression
analysis, which is explained in the next section.
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Typxi covtik Ty3yine apad aekcuKorpagusCLINLIIT dcepi

Tyawaiion EM.
AGuunai xan ar. KasXK xone OTY Lsirsicrany Gakyasteri, ATvars K.

E-mail: ermek.tm@mail.ru

Jlekcikorpadiis  FLUGIMML  CKCHKOTPAQUANMIN  TAIXEI  MeH  TCOpHACHII
KYPATATLINIBIKTAN, KA3aK CKCHKOPAGIACHIBIIL JaMy TAHXbIN CTC TANIAYIbIH KAKCTTITIr
Tysinaiie. Kasak Tiai ypid Tinaepinii Kypavbiiia CHETIHIIKTEH, Ka3aK TCKCHKOrPagHACHIbIIL
JaMy Tapiuxein TypKi  ekcHKorpaduscMei GIpTYTaC KapacTHpaMbi. AT, 03 keserinae,
TYpKiik Co3qik TY3y >CTYpilic OPTAFACHPIBIK apad JeKCHKOrpAQUACHIBIH o3inAik cepi
Gorrai. Mylibl cpTe OpTa Facklpaa apad Tinimii MeTaM AymiccinAe TaTen Tini CHAKTH
XQTHIKAPATHIK TiN KbBMETIH aTKapraubMeH GailtanbicTupyra Gomazsi Typki XanKemmai
LILIKKAI TATHAAGP 1@ 03 CHOCKTEpil apal TiiHAC Hevece apad yariciie KasLiran KYIiAb
CCKepTKILITep KATABIpFailLl TapUXTan Genrini. OTapasii iuminze co3ziTepain opibi epekie.
Byn kesenae KomTerch Typki-apaG, apaG-Typki koo Tinai cosaiktepi Ac wacarast. HKammi,
Co3IKTEPiR CO3AIK KypaMbI OFbI3-KGITIIAK TYpilAC ApATaC GOFANBINCH, OTAPAArL! KhlMIAKIIA
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Moving averages in p2p systems

Sergazyev N.T., Buribaev B, Kurmanbekova Z.K.
Al-Farabi Kazakh National University
E-mail: sergazyyev@gmail.com

P2P systems are usually characterized as environments with frequent churn in which the
number of arriving and leaving peers is dynamic and driven by users. It can be explained by an
independence of cach peer. The system stability heavily depends on the level of fault-tolerance
which can be improved by automatic replication. In order to implement automatic replication, it
is essential to define a general trend and predict the number of future peer departures. The
moving average is a technique in statistics which is frequently used to analyze time series data,
particularly, to define the direction of a trend andmake forecasts by smoothing out fluctuations.
It is widely used in technical analysis of financial market data to predict stock price and in
economics to forecast gross domestic product by smoothing out short-term fluctuations and
defining long-erm trends. In the context of this work, time series data is a sequence of values
which represent the number of peer departures over observation. In our model, the moving
average technique is used as a base algorithm for predicting the number of future departures
based on current and previous churn behaviours. There are several types of the moving average
techniques and the popular ones are explained in the following subsections.

Simple Average (SA) of a data set is calculated by summing up all its values and dividing
the sum by the number of the values. It is considered to be the simplest way of smoothing the
data. Since it considers the whole data set, the curve is the smoothest and trend is least obvious.
A simple average value at time t, denoted as sa, can be calculated as follows:

Xt + et x
sa, = T
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where x, represents a independent value at time ¢.

The main difference of simple moving average (SMA) to SA is the use of subset which
length k is always fixed. It is calculated as a mean value of last observed k values. As the name
says the subsct is moved one step further every time unit by excluding the first clement of
previous subset and including newly arrived value. SMA at time t can be defined by the
following formula:

Xek FXekp1 + oo X
k

If k = t, SMA becomes SA. The length of subset defines the type of movement of
interest, such as short-term, medium-term or long-term. If k is small, the curve will have low
smoothing cffect and be more responsive to the recent changes in the data set, and the other way
around if k is quite a large value. In SMA, all members of the data set are given equal weights,
which means that all the values are of the same importance. The drawback of SMA is that it can
not be used unless at least k values of the set have been defined. However, it can be solved by
using SA until first set of k values are detected. The second drawback is that it needs to keep ail
previous k values in order to calculate next SMA. But this is not a big issue for memory
limitations if a circular buffer is used to store last k values.

sma, =

If the members of subset in SMA are given different weights, that kind of averaging is
called simple weighted moving average (SWMA). SWMA at time t can be defined as follows:

SWMGA; = WiXe—p + WaXer1 + o + WieXemy
where the sum of weighting factors is equal to 1
&

Zw, 1

This is a general description of averaging technique with weighting factors. This kind of
technique requires another approach for choosing proper weighting factors that can fit into
situation.

In some applications domains, it is important to give high priority to the recent data as it
shows current trend change. Another technique that can be applied to time series data to produce
smoothed data for presentation and to make forecasts is Exponential Moving Average (EMA).
EMA is widely used in financial market and cconomic data. But it can also be used with any set
of discrete numbers such as a sequence of observations which represents the number of peer
departures. In terms of weighting, EMA is similar to SWMA, in which cach observation value is
given a specific weight or importance. Whereas past observations are equally weighted in SMA,
EMA assigns exponentially decreasing weights from the most recent observation value towards
old data. Another difference is that EMA takes into account all observation values, while SMA
and SWMA arc applied only for the last k data points. Since the weight is decreased
exponentially, there is no need to keep all data points of the set to calculate every next EMA. It
can be calculated based on the previous value of EMA, the last observation value and a given
smoothing factor, whereas SMA requires to store all observation values for k data points. EMA
attime ¢, denoted as ema, can be calculated using the following formulas:

ema, = xg
ema, = ax,_1 + (1 - a)ema,_; = ema,_; + a(x,—; — ema,_,),t > 1

where x; is an observation value at time t and a s the smoothing factor, which ranges
between 0 and 1. The smoothing factor is calculated by the formula:
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