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Effective Skyline Maintenanceon Big Data
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ABSTRACT: Skyline is an important operation in expensive computatis. We face this challenge
many applications to return a set of interesting point¢hrough a comprehensive set of algorithms and
from a potentially huge data space. Given aetathle  optimizations that reduce the cost of generating
operation finds al/l t u p pezsdralized slkylines.alm additioro tb exaad skylinea t e d &
any ot her tupl eds. I t prosessifigpwerdevelop d&naapproximhte methad ithatt i n g
algorithms cannot process skyline on big datgprovides error guarantees.
efficiently. This paper presents a novel skyline We refer to such system &@ata-Intensive Super
algorithm SSPL on big data. SSPL utilizes sortedComputersystemg8][9], or ADI SC. 0 We bel
positional index lists which require low space DISC systems could yield breakthroughs in a number
overhead to reduce I/O cost significantly. We presenbf scientific disciplines and other problems of societal
a new indexing method named ZINC (forofder importance. Much of our inspiration for DISC cane
indexing with Nested Code) that supports efficientfrom the server infrastructures that have been
skyline computation for data with both totally and developed to support search over the worldwide web.
partially ordered attribute domains. By combining the Google and its competitors have created DISC
strengths of the -order indexing method with a novel systems providing very high levels of search quality,
nested encoding scheme to represent partial ordersgsponse time, and availability
ZINC is able to encode partial orders of varying LITERATURE REVIEW
complexity in a concise manner while maintaining a In this article we observe different research
good clustering of the PO domain values. Ourpeopl e6s decisions and their
experimental results have demonstrated that ZINGormat for developing Skyline Computation over
outperforms the statef-the-art TSS technique for large amount of data representation. In this scenario
various settings. we wi || take numbe 1] with aut hort
INTRODUCTION specfied format for developing my application

In order to specify the process of big dataindependently. Botolini decisions on big data
representation acCollaborative Filtering Skyline representation explains following things efficiently
(CFS), a general framework that combines theCollaborative filtering (CF) systems exploit previous
advantages of CF with those of the skyline operatorratings and similarity in user behavior to recommend
CFS generates a personalized skyline for each user the topk objects/ records
based on scores of other users with similar behavior.
The personalized skylined¢ludes[1] objects that are
good on certain aspects, aeliminates the ones that
are not interesting on any attribute combination
Although the integration of skylines and CF has

several attractive properties, it also involves rather
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Figure 1. Data representation on collaborative

filtering with missing values.

In order to specify the process of big data v

representation acCollaborative Filtering Skyline

(CFS), a general framework that combines the

advantages of Cwith those of the skyline operator.

CFS generates a personalized skyline for each user

based on scores offmr users with similar behawig
we develop an approximate methdlsht provides

error guarantees.
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Figure 2: Space search of the users in skyk

process generation.

k-Dominant Skyline and its Variants

dimensions beforeq can be elimina@ from the
skyline. Using our movie ratings an example, this
means that movig is only considerecetter than
movie g if and only if p is rated higher or equ#d g
by all the users.
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Figure 3: Object Representation in skyline

queries.
The skyline isalso known under other names such as
epare to setthe set ohdmission pointsand the set

of maximal vectors
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Figure 4: The Skyline is {1, 5, and 7}.

Ever since its debut in the database literature
a decade ago skyline computation has generated

considerable interests the database ardar a brief

The primary cause for the skyline set size blow up issurvey. This is, at least in part, due to the relevance of

the definition [3] of dominance which is rather

stringent in thap must be better or equal tpin all

skylines to multi criteria optimization Figure 4

illustrates an example with 8 hotels, of which the
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skyline is{1, 5, 7}. Every hotelnot in the skyline is such that a given query can be executed in parallel
worse than at least one hotel in the skyline on botlamong all those site groups. Second, we elaborate the
dimensions, i.e., more expensiia} and rated worse quel execution within any single group of sites,
at the same time. In general, for any scoring functiorwhich includesdeciding a query forwarding plan
that is monotone on all dimensions, the skylinebetween sites and designating group head
always contains thbest(top-1) point that minimizes responsible for query results merger. Thivg, give a
the function.Skyline queries are capable of retrieving parallel distributed skyline algorithm based on the
interestingpoints from a large data satcording to first two catributions, together with a cost model to
multiple criteria[3],from a largen-dimensional data estimatequery costs. Fourth, we detail how to use
set, skyline queries are well suitalde applications multiple filtering points in distributed query
like decision making and multiple criteria processing such that the netwal&ta transmission is
optimization. more efficient. Two simple yet efficietieuristics are
deweloped for selecting multiple filtering points a

processing site. Finally, we conduct extensive

experimenton both synthetic and real datasets, and
the results demonstratke efficiency and robustness
of our proposals.
EXISTING SYSTEM

Skyline is @ important operation in many

applications to return a set of interesting points from

a potentially huge data spadeor providing skyline
Figure 5: Introducing skyline with distributed computation process on each data set traditionally

used indexbased algorithms utilize the pre
systems.

. . . . constructed datatrudures to avoidscanning the
For instance, a tourist can issue a skyline

query ona hotel relation to get those ones with goodentlre data setlt pre-constructs datatructures with

recommendationand cheap prices. Another rdifé low space overhead. By the datauctures, the

example is online comparative shopping,vihich a algorithm only involves a small part of table to return

search engine needs to get good bargains from mar%‘/e skyline results.Indexbased algorithms have

different shopping sites according to multiple criteria>€"OUS limitationsand the used indexes can only be

. . . built on a small and selective set of attribute
like price, quality, guarantee etc. Clearly, such

multiple criteria are best captured by a skyline combinations.So the better system is required for

qgueny3]. In such cases as mentioned above, howeveﬂomg efficiency of skyline computation on

directly applying existing techniques to process mathematical analysis.
skyline queries would incdarge overheadWe

make the following contributions on the problem of
distributedconstrained skyline queries in a network
ervironment without assuming any overlay
structures. First, we propose specific partition

algorithm that divides all relevant sites irgooups,
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P The SSPL Algorithm
e This section first introduces the datuctures
A= 3 required by SSPL, then describes the overview of the
3 - ; SSPL algorithm , next shows how to perform
i pruning, followed that presents the implementation
and analysis of SSPL, and finally introduces how to
T IATASTONDS LAVER IATA STIMSSS) extend SSPL to cover other cases.
Figure 6: Data monitoring in various data  Pruning
application event generation
Their algorithm first retrieves values in every In this section we describe early pruning and late
dimension frontemote data sites using sorted accesgruning SSPL splits coordinate space into 2m regions
in roundrobin on alldimensions. This continues until by the computed scan depth.
all dimension values of arobject, called the

terminding object, have been retrieved. Wu et al.

proposed a parallel execution of constraisésline ) ,."fl The 'LTZ rf”onrg CE;'::tuti"B
queries in a CAN based distributed environment *" -
Problem Statement Region 2 f;’ Region 3
In this paper we consider the related “
problem of finding the expected nuetbof maximal p iifz_mi“_"'_“ﬁ}__
elenents in a giverset. We give aolution to that . ng‘ijﬂlj,
problem under a very general probability distribution 1 d Region 1 5

and then apply thaanswer to related problema ) ) )
Figure 7: An instance of early pruning.
maximal vector is one that is not less than any other ) i
. _ It reflects thevalue of SSPL on processing skyline on
vector in all components. Moprecisely, we sayhat . , o )
big data. In uniformdistribution, the experimental
a vector P dominates the vector Q if P is greater than ) , o
_ _ ~_results verify the theoreticahalysis in the paper
Q in everycomponent; then a vector is maximal if it
PRAPOSEDSYSTEMS
is not dominated by any other vector in the set. ) .
In this paper we propose a novel skyline
A Fast ExpectedTime M axima Algorithm _ ) _ . _
_ _ ~algorithm that is Skyline Sorted Positional Index List
This problemhas received much attention _ ) i _ _ )
. _ algorithm; it defines following things for big data
recently Eachvector is initially represented as a pair
assessment processthe proposed frame work
of integers which define the top and bottom endpoints ) _ _ _ .
contans following things as followsThis can utilize
of a segment in the array. Division into further
_ . . some small praanstructed datatructures to reduce
subsets can be accomplished by takingatitametic o ,
_ o I/O cost significantly. To determine scan depth of the
mean of the endpoints as defining two new segments, . i , ) .
o sorted positional index listslt devises pruning
etc.; note thatthe division preserves randomnessl ) . . )
operation on the candidate positional indexes, and the
can be accomplished in constant time. . ) , )
mathematical analysis for prunin§SPL consists of

two phaes.The main scenario of this document is to
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improve the performance of the all the requiremenihodes) among all the irregular regionsGin (3)
specifications. Create anew partial ordeGi+1 from Gi as follows.
ZINC First, initializeGi+1 tobe Gi. For each regioBjin S
In this section, we present our proposed indexingeplaceSjin Gi+1 with a virtualnodev0j such that
method namedZINC (for Z-order Indexing with paren{v0j ) = paren{v) with v 2 minS) and
Nested Code) that supports efficient skgli child(v0j) = child(v) with v 2 maxSj. (4) If Gi+1 isa
computation for data with both TO as well as POtotal order, then the algorithm terminates; otherwise,
attribute domains. invoke thePO-Reduce algorithm witlsi+1 as input.
Nested Encoding Scheme Skyline query processing has attracted a lot
We introduce a novel encoding scheme, callested of research. For generating process of thpueastial
encoding(or NE, for short), for encoding values in execution in data set constructions. Efficient skyline
PO domains. The encoding scheme is designed to lmmputation in recent data generation is the main
amenableto Z- order indexing such that when the complex task in sorted positional Index list algorithm.
encoded values are indexed w#ahZB-tree, the two So we propose to extend SSPL with indexing method
desirable properties of monotonicity and clustering ofnamed ZINC (for Zorder Indexing wh Nested
ZB-tree are preserved. Code) that supports efficient skyline computation for
data with both totally and paatly ordered attribute
Horizontal, Vertical, and Irregular Regions domains.
Note that a vertical region corresportdsa
collection of totalorders while a horizontal region CONCLUSION:
corresponds to a weak order2. Wave defined a We proposed to us&kyline query processing has
regular region to be a maximal subgraph in order tattracted a lot of research. For generating process of
have as large a regular structure as possible to ke sequemdl execution in data set constructions.
encoded concisely. Efficient skyline computation in recent data
generation is the main complex task in sorted
Partial Order Reduction Algorithm positional Index list algorithmSo we propose to
extend SSPL with indexing method named ZINC (for
We present an algorithm, termed HR@duce,that  Z-order Indexing with Nesd Code) that supports
takes a partial orde6G0 as input and computes a efficient skyline computation for data with both
reduction sequencedenoted byGO ! G1 _ |  totally and partially ordered attribute domain§ur
Gn 1! Gn, n _0, thattransformsGO into a total experimental results show that using the nested
order Gn, where eaclGi+1 is derivedfrom Gi by  encoding scheme, ZINC significantly outperforms
replacing some regions iBi by virtual nodes. The TSS as well as two ZBee variats based on
reduction sequence will be used by our nestedlifferent encoding schemes.
encoding scheme tencode each node B0. Given = REFFERENCES:
an input paial ordeGi, algorithm PGReduce [1]. |. Bartolini, Z. Zhang, and D. Papadias,
operatess follows: (1) LetS=1fSl; ~ Skgoethe A Col | aborative Filtering
collection of regularegions inGi; (2) If Sis empty, IEEE Trans. Knowledge Data Engaql. 23, no. 2, pp.
then letS= fSlg, whereSl isan irregular region i®i 190203, Feb. 2011

that has the smallest size (in terms of tinenber of
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