Inter national Indexed & Referred Research Journal, December, 2012, | SSN 0975-3486, RNI- RAJBI L - 2009/30097: VOL -1V, * | SSUE- 39

December, 2012 /i/ = *Charulata

ABSTRACT

Research Paper—Computer Science

Global SynchronisationonMultilevel Time
SeriesPrediction

* Sudent of Computer Sc.Dept, [ I TT Collegeof Engineering, Punjab Technical Univer sity, Jalandha

combination methods.

In this paper, the problem of stochastic synchronization analysisis investigated for a new array of coupled discrete- time
stochastic complex networks with randomly occurred nonlinearities (RONs) and time delays. The discrete-time complex
net- works under consideration are subject to: 1) stochastic nonlinearities that occur according to the Bernoulli distributed
white noise sequences; 2) stochastic disturbances that enter the coupling term, the delayed coupling term as well as the
overall network; and 3) time delays that include both the discrete and distributed ones. Rapidly evolving businesses generate
massive amounts of time-stamped data sequences and cause a demand for both univariant and multivariate time series
forecasting. For such data, traditional predictive modelsbased on auto regression are often not sufficient to capture complex
nonlinear relationships between multidimensional features and the time series outputs. In order to exploit these relation-
shipsfor improved timeseriesforecastingwhilealso better dealing with awider variety of prediction scenarios, aforecasting
system requires a flexible and generic architecture to accommodate and tune various individual predictors as well as

Keywords- Global Synchronization, Feature Generation and Selection, Ensemble Generation, Model Diversification, neural
network randomly occurred nonlinearity (RON), stochastic complex networks, stochastic coupling.

Introduction

The need to understand large, complex,
information-rich data sets is common to virtually all
fields of business, science, and engineering. In the
business world, corporate and customer data are be-
coming recognized as a strategic asset. The ability to
extract useful knowledge hidden in these data and to
act onthat knowledgeisbecomingincreasingly impor-
tantintoday'scompetitiveworld. Theentireprocessof
applying a computer-based methodology, including
new techniques, for discovering knowledge from data
iscalled datamining.

Dataminingisaniterativeprocesswithinwhich
progress is defined by discovery, through either
automatic or manual methods. Data mining is most
useful in an exploratory analysis scenario in which
there are no predetermined notions about what will
constitute an "interesting" outcome. Data mining is
thesearchfor new, valuable, and nontrivial information
in large volumes of data. It is a cooperative effort of
humans and computers.

Thetwo primary goalsof dataminingtendto
bepredictionand description. Predictioninvolvesusing
some variables or fields in the data set to predict
unknownor futureval uesof other variablesof interest.
Description, on the other hand, focuses on finding
patterns describing the data that can be interpreted by
humans. Therefore, it is possible to put data-mining
activitiesinto one of two categories:

1) Predictivedatamining, which producesthemodel of
the system described by the given data set, or
2) Descriptive datamining, which produces new, non-

trivial information based on the available data set.
[1.Proposed Work Approach

Inthisproposed system, agenericarchitecture
isproposed for combining predictorsand describeson
possible implementation with neural networks
generating the individual forecasts. This approach is
applied not only to the univariate time series but also
flexibleenoughtodeal withmultivariateseriesor other
more general prediction tasks. In this approach we
undergoes the following steps such as feature
selection, training of the individua models, model
selection and post processing of outputs.
FeatureGeneration and Selection

In this module we are presenting the data
mining approachesfor thegenerationand theselection
of thefeaturesfromthe giveninput data. Thetemporal
dimension of the dataincreases the potential scope of
theM-featurespacetoM. L dimensionswherelL denotes
thelength of thetime series. This meansthat whatever
set of M features describes the actual problem, its
temporal variability also enforces consideration of the
whole available history of feature series as potential
inputs to the predictive model. Careful selection of
features is, therefore, of much greater importance in
comparison to the static-data prediction problem. On
the other hand, temporal feature selection depends
strongly ontheavailability of featuresintheir temporal
relation to outputs as well as the depth of outputs
prediction.
Individual Predictors

Here in this section due to the continuous
nature of typical time series of outputs, this model

29 ® RESEARCH ANALYSIS AND EVALUATION



Inter national Indexed & Referred Research Journal, December, 2012, | SSN 0975-3486, RNI- RAJBI L - 2009/30097: VOL -1V, * | SSUE- 39

should be capable of handling multiple inputs and
multipleoutputs. Neural networksareconsideredto be
auniversal nonlinear regressionmodel withtheability
to control itscomplexity and high predictive diversity
that can be further encouraged by varying network
architecturesandinitialization conditions, cross-train-
ingand evensimpleinjectionof noisetothedata. Given
all these advantages, we decided to choose a smple
Feed forward Multilayer Perception (MLP) as abase
model that would be used to test the presented archi-
tecture against standard predictorsand combinersand
to take part n the NN3 and NiSIS competitions. The
chosenNN istrained using an efficientiRPROP+ al go-
rithmthat scal eslinearly withthenumber of parameters
to beoptimized.
EnsembleGener ation

In thismodule we describe an ensemble gen-
eration method to makes the model to perform better.
The ensembl e concept has a slightly different notion
thanthe combinationsmentioned earlier, asensembl es
group individual methods sharing one functional ap-
proach, but differ in, for example, parameterizationor
training dataused. Therearemany waystheindividual
models can be combined in an ensemble: the simplest
is just by averaging the individual models' outputs,
and another popular method isthe linear combination
of outputs. Complexity of such systems dramatically
increases, but it can be controlled by adjusting the
number of individual models and their internal com-
plexity.
M odel Diver sification

Inorder tomakethemodel moregeneralization
ability, we apply aset of diversification strategies are
applied to increase the complementarily of the
constituent ensemble member models. Here we used
an ensemble of M neural networks with different
randomly sel ected architecturesof hiddenlayerslimited.
Allindividual model swerecross-trainedonexclusively
selected subsets of data additionally subjected to the
injectionof upto5 percent of noise. Thenetworkswere
trained up to varied numbers of epochsafter whichthe
iRPROP+ learning terminated the model building
process. Thewhol etraining processhasbeenintegrated
withthek-fold cross-validation error estimation method
that produces M error rates used further for model
selection and combinations at later stages of the
prediction process. Overall, the training process
involvesM individual models learning processesand
scales linearly with the size of ensemble.
M odel Selection

Herewehavepresented architecturewith the
ensembl eof neural networks; thefirstlevel isoccupied
by k groups of predictorswith onaverage M/k predic-

torsin each group. Each group istrained on different
partsof thedata, whichhavebeenrandomly permutated
and partitioned to obtain k disjoint data subsets. Our
selection strategy promotes a single best predictor
from each of the k cross-validation groups to the next
step, at which a subset of the desired number of best
predictorsis selected and their outputs are ultimately
combined by means of an average operator to return
thefinal prediction.
Post-processingAnd Tuning

In this modul e due to overcome or to reduce
theimpact of certainerrorsand any other problems, we
present a post-processing stage into our architecture.
In our case, the post-processing covers an origina
smoothing technique applied to the predicted series
obtained for the validation set. The parameters of this
smoothing havebeenfittedto minimizetheerror rateon
the validation set and once fixed, they are kept con-
stant to deliver smoothed predicted series on the test-
ing set. Theproposed model comesintwo stages. First,
afiltering procedureisusedtoremovehigh-level noise
components. It comparesthe predicted signal withthe
bidirectional k-step moving average of thissignal and
replacesthe original signal with the aggregated signal
wherethedifference betweenthetwo signalsisgreater
than r timesthe standard deviation of the original sig-
nal. Theresuiting signal isfurther smoothed using the
same bidirectional n-step moving average yet in gen-
eral using different steps for the aggregation.
Accuracy of Neural Networ k

HereinthismodulePhaseOnly Correlationis
used to enhance the recognition accuracy of neural
network and reducethetimerequired for POC by refin-
ing its input. The first five high response values of
neuron are sel ected fromforty responsesfor POC post
processing. Thisamalgamation of datafromtworecog-
nition techniques have enabled usto ook into the new
dimensionof not only improvingtheaccuracy of neural
network but also to decrease the computational and
time cost of phase only correlation.
Global Synchronization

The proposed approach is enhanced again
by aGlobal synchronizationmethod. By employingthe
linear matrix method and stochastic analysistheories,
several delay dependent sufficient conditions were
obtained which ensures the asymptotic synchroniza-
tion in mean square sense for the continuous or dis-
crete time stochastic complex networks with time de-
lays.
PerformanceEvaluation

Finally inthismoduleweeval uatetheperfor-
manceof theproposed approachwiththeexistingtech-
niquesin thistime series prediction problem.
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1. Result

By adopting the new architecture with the
ensembl e of neural networks asdescribed the strength
of the architecture isevaluated by direct comparisons
of prediction performances carried out on the same
data. But the training procedure of the neural network
is one of the complex and time-consuming job. With
increasing the number of subjects, the number of
epochs also keeps on increasing. The training time
directly relatestotheaccuracy produced by neural net.
Astheindividual implementation of POC based face
recognitionrequires40,000 comparisons(correl ations)
whichrequires10.335 sec/image. Thetimerequiredfor
Neural network is.1550 sec/imagebut theaccuracy is
not enough, therefore proposed technique provides a
good substitute keeping time (1.2297 sec/image) and
accuracy intact.
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By using a global synchronization method
non linearity and time delay can be improved. So by
synchronizing the performance can be much better
than usual neural networking method and also POC
method. Mean square error (M SE) can be checked for
all epochs and evaluation can be done.
IV.Conclusion

This work promotes a new architecture for
time series prediction, tackling recently arising chal-
lenges of agenerally increasing volume of time series
dataexhibiting complex nonlinear rel ationshipsbetween
itsmultidimensional featuresand outputs. It combines
amultilevel architecture of highly robust and diversi-
fied individual prediction models with operators for
fusion and sel ection that can be applied at any level of
thestructure. Additionally, the system appliesanintel-
ligent smoothing algorithm as an example of the post
prediction step that often leads to significant perfor-
mance gains, particularly, if the predicted time series
contains a significant noise component.

The individual MLP-type neural networks
wereincluded asexamplesof universal regression. They
have been highly diversified by means of varied inter-
nal architectures, different weight initializations, and
cross training on different partitions of the training
datawith aninjected noisecomponent. All thesediver-
sification techniques are aimed at creating highly
complementary predictors with better generalization
abilitiesthanany individual model. Themodel building
processissupported by thesimple, yet effective, greedy
feature generation method. The predicted output sig-
nal is further validated using an original smoothing
technique to remove excessive noise.
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