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ABSTRACT:

Approximate Nearest Neighbour (ANN)
search has become a popular approach for
performing -scale datasets in recent years, as
the size and dimension of data grow
continuously. In this paper, we propose a
novel vector quantization method for ANN
search which enables faster and more
accurate retrieval on publicly learning
problem and explore the quantization
propose an iterative approach to minimize the
quantization error in order to create a novel
quantization scheme, which outperforms the
state-of-the-art algorithms. The
computational cost of our method is also
comparable to that of the competing methods.
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I INTRODUCTION

Data mining is an interdisciplinary
subfield of computer science. It is the
computational process of discovering
patterns in large data sets involving methods
at the intersection of artificial intelligence,
machine learning, statistics, and database
systems. The overall goal of the data mining
process is to extract information from a data
set and transform it into an reasonable
structure for further use. Aside from the raw
analysis step, it involves database and data
management aspects, data pre-processing,

model and interpretation considerations,
interestingness metrics, complexity
considerations,  post-  processing  of
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discovered structures, visualization, and
online updating. Data mining is the analysis
step of the "knowledge discovery in
databases" process, or KDD.

The term is a inaccuracy, because the
goal is the extraction of patterns and
knowledge from large amounts of data, not
the extraction (mining) of data itself. It also
is a buzzword and is frequently applied to any
form of large-scale data or information
processing  (collection,  extraction,
warehousing, analysis, and statistics) as well
as any application of computer decision
support  system, including artificial
intelligence, machine learning, and business
intelligence. The book Data mining: Applied
machine learning tools and systems with Java
(which covers mostly machine learning
material) was originally to be named just
Practical machine learning, and the term data
mining was only added for promotion
reasons. Often the more general terms (large
scale) data analysis and analytics or,
when referring to actual methods, artificial
intelligence  and machine learning  are
more appropriate.

II. RELATED WORK

A. K- SUBSPACES QUANTIZATION
FOR APPROXIMATE NEAREST
NEIGHBOUR SEARCH

Knowledge and Data Engineering Proposal
of a novel vector quantization method for
ANN search which qualifies faster and more
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accurate retrieval on publicly available
datasets. Defined vector quantization as a
multiple affine subspace learning problem
and explore the quantization centroids on
multiple affine subspaces. Iterative approach
is used to diminish the quantization error.The
existing system is using vector quantization
which requires high assets and some time it
does not suit huge data.For eg ,If the data size
exceeds a 50 GB the hardware might crash.
However the proposed system is using
parallel communication as well as ranks and
labelling mechanism which handles penta
data.

B. IN MEMORY
MINING DATA

PATTERN

Knowledge and Data Growing main retention
capacity has fueled by eliminating disk I/O
bottleneck and support interactive data
analytics. Modern CPU and memory
hierarchy utilization, time/space efficiency,
parallelism, and concurrency control are
overtaken .Extensive range of in-memory
data management and processing proposals
and systems, including both data storage
systems and data processing backgrounds are
presented. Some key factors that need to be
considered in order to achieve efficient in-
memory data management and processing.
Some issues such as fault-tolerance and
consistency are also more challenging to
handle in in-memory environment

C.SEARCH USING VIEW PATTERNS

Knowledge @ and  Data  Engineering
Investigates the issue for graph pattern
queries based on graph simulation.Pattern
query can be answered using a set of views if
and only if it 1is contained in the
views.Establish their complexity (from
cubic-time to NP complete) and provide the
problem is intractable) A pattern query is not

ISSN(Online) : 2456-5717

68

contained in the views and maximally
contained  Verification  answer pattern
queries on large real-world graphs is difficult.

D. K NEAREST NEIGHBOUR JOINS
FOR BIGDATA ON MAP REDUCE

Knowledge and Data Engineering it is a
computational intensive task with large range
of applications such as knowledge discovery
and data mining .Suitable for distributed
large scale data. be able to compare solutions
,data pre-processing, data partitioning and
computations. Variety of data sets and impact
of the data volume ,data dimension are
difficult to be identified for different data.
Time, space and accuracy may vary from
different values of parameters.

E.MINING HEALTH EXAMINATION

RECORDS-A GRAPH
APPROACH

BASED

Knowledge and Data Engineering Learning a
classification model for risk prediction that
constitutes collected data sets. Graph based
,semi supervised learning algorithm SHG-
Health for risk predictions to classify a
developing situation

An efficient iterative algorithm is designed
and proof of convergence is given. A moral
risk estimate model should be able to exclude
only low-risk situations.The search and
analysis is slower than the proposed system.

[ILLEXISTING SYSTEM:

Use of novel vector quantization method
search which enables faster and more
accurate retrieval on publicly available
datasets .Iterative approach is used to
minimize the quantization error Time, space
and accuracy may vary from different values
of parameters by using map reduce method.
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The search and analysis is slower than graph
based approach. Suitable for distributed large
scale data by using top down and bottom up
approach .The problem of learning from
imbalanced data is a relatively new challenge
that has attracted growing attention from both
academia and industry.

IV.  RANKING PATTERN SEARCH
CLASSIFICATION

The problem of vector quantization for ANN
search can be formulated as follows: Given a
set of ND-dimensional vectors X X % x
x1;...;x xN fg and a query vector q q,( q ;X
xi 2 RD) the nearest neighbou dox xi;q gP,
dx xi;q qP is a distance computed between x
xi and q q. The approximate nearest
neighbour search point x XANN.

where x xNN is the true nearest neighbour
and ">0. A quantizer Q quantizes the vector
to its corresponding code vector ¢ ¢j 2 RD
within the codebook C C % c cl;...;c cM fg ,
where M is the number of code vectors. The
mean squared quantization D is an
orthogonal projection matrix and R R? spans
the orthogonal complement of the range
space of R R. With this extension, it is EQ
where the quantization is performed after
dimension reduction or transformation.
Equation (2) is a special case of (3), where R
R % 11and D % L that the quantization error
MSEQ is directly affected by the selection of
the projection matrix R R. The second term
in the summation adds a non-negative value
to the quantization error, unless R R? is zero.
No matter how close code vector cj ¢j is to
the sample x xi there is a nonzero
quantization error depending on R R? and x
xi. Thus, in order to minimize this error, an
appropriate projection matrix R R should be
chosen. Gong and Lazebnik in [13] propose a
method which performs an orthogonal
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rotation in the feature space in order to
minimize the quantization error. First, they
apply PCA on the data and iteratively rotate
the principal components in order to match
the samples with their corresponding code
vectors, resulting in smaller quantization
error. Let R R 2 RDL be the PCA dimension
reduction matrix. The error given in (4) is
minimized by introducing another orthogonal
rotation matrix P P 2 RLL and following
Gong and Lazebnik proposed a method to
select R R but the summation. The second
term of the summation is also minimized with
the selection of R R as PCA dimension
reduction matrix, since the principal
components are ordered with decreasing
variance. This inspired from the rotation of
better to code vectors, and combine this
approach with PQ. They follow the same
iterative approach d the optimal rotation. In
the quantization , where H is the number of
sub vectors and the subscript h represents the
matrix for the sub vector in question. D D is
a diagonal scaling matrix,

D D and Q, then keeping D D and Q constant,
it optimizes R R. Since a full rank R R 2 RDD
is used, the second term in the summation is
0: Although putting a rank constraint on R R
for high dimensional data it is not clearly
stated how to decrease the transformation
error, which will always be non-zero as long
as rank R R 0P<D . Brandt in [14] selects the
projection matrix R R 2 RDL as the PCA
dimension reduction matrix, similar to [13].
However, instead of searching for a better R
R the bits are distributed non-uniformly
among dimensions using the fact that the
variances are sorted in a decreasing order for
each dimension. That is, multiple centroids
are assigned to the dimensions with high
variances, while some of the dimensions with
lower variances are omitted. As mentioned
above, the necessity of searching for an
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appropriate matrix R R is evident, but so far
the researchers have limited themselves to a
single transformation matrix for the purpose
of minimizing the quantization
However, a data into a new space where a
better representation is possible. In our
previous study [28], a two-step solution to
this problem is proposed. First the whole
space is divided into subspaces using
multiple PCAs. Then for each subspace, a
PCA based subquantizer is trained. This
approach provides a better representation of
the data and reduces the total transformation
error at the same time. In [18], the authors
also propose a similar approach, by dividing
the data into local clusters and training
quantizes on each cluster separately.
However, taking those two steps of clustering
and quantization into account separately
yields a suboptimal solution. For this reason,
in this paper, an iterative joint optimization
scheme for both steps is proposed.

CITor.

V. PROPOSED SYSTEM:

The proposed system is using parallel
communication as well as ranks and labelling
mechanism which handles penta data. The
first classifier is based on an improved
version of the existing method of
classification based on association rules. The
second ranks the rules by first measuring
their value specific to the new data object.
The proposed system may minimize the error
in order to create different kinds of patterns
as features to represent each sequence as the
feature in  ranking and labelling
methodologies.

A.Determination of Subspaces

mk Y 1 NkPx xi2X Xk x xi; and then PCA is
applied using the samples X Xk, in order to
obtain the transformation matrix R Rk, as
proposed should be emphasized that each
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subspace F Fk may have a variable number of
dimensions Lk and this number is
embarrassed only by the number of bits and
their  allocation  among  dimensions.
Therefore, the number of dimensions of a
subspace is determined according to the bit
allocation strategy,the selection of the scalar
quantization for  ed. Bit Allocation As
mentioned earlier, since the variance is not
distributed uniformly among the dimensions
after PCA (the dimensions are ordered with
decreasing variances), a non-uniform bit
allocation scheme is proposed. In this paper a
bit-wise adaptation of the -dHondt method
[29]1 s proposed ,which is a widely used seat
distribution method in parliamentary
elections. If the bit allocation was a
parliamentary election, then bits would be the
seats in the parliament and the standard
deviations would be the votes for each party.
The standard deviations of discarded
dimensions would correspond to votes given
to parties who could not enter the parliament.
In entrants are stored in a vector. These
ideals are divided by the number of seats
already dispensed to the candidates. After the
division, the candidate with the chief value is
given another seat. In the proposed variation,
entrants are the dimensions, votes are the
usual deviations and number of seats
correspond to the numeral of centroids. The
algorithm starts by taking the fair root of the
eigenvalues to obtain the standard
eccentricities. For each dimension, the
standard eccentricity is allocated by the
number of centroids equivalent to that
dimension. For the aspect that yields the
prime division, a bit is appointed and this
continues until all bits are allotted. Note that,
for b bl bits appointed to dimension 1, the
number of centroids reprimands the
dimensions for each bit they receive, but in
order to make it harder for magnitudes with
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low standard peculiarities  aspect of the
changed vector as insignificant as standard
deviations are divided by p2 instead of 1
when b bl is equal to 0. The pseudo-code for
the bit apportionment is given and an
example signifying the bit distribution steps
for 4 bits on a 4-dimensional vector is given .
Also the difference amid methods, and their
comparison with TC [ are presented for 32-
bits. method emphasizes more the
dimensions with higher variances. Since
there is a limited number of bits, assigning
multiple bits to one dimension means that
another dimension is discarded from
quantization, so this dimension can also be
removed from the subspace. In other words,
the reduced number of dimensions Lk for a
subspace is the number of dimensions which
has at least one allocated bit.

B.Cluster Updates

Once the subspaces and their number of
dimensions are established, the quantizers are
obtained and each sample from the training
set is assigned to its new cluster. The new
subspace of a sample x xi is determined by
and each sample is assigned to the cluster that
gives the lowest quantization error,Note that
the second term in is identical to the second
term in . This term e shift vector m mk, This
distance can be equivalently calculated using
if R Rk is an orthogonal projection matrix.
Here it is recommended to use instead of
because requires the storage of R R? k , which
brings additional memory cost, especially
when D Lk dx xi;F Fk d P¥ 3 x Filtering
Outliers In order to prevent early
convergence to a local minimum, in the
proposed bestowing to the quantization error,
before updating the equivalent PCA,
similarly. It starts with 25 out of a hundred
and is reduced by 1 percent at each
iteration,the proposed iterative approach to
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obtain the code vectors while waning the
error in is described. The whole training
algorithm is given as a pseudo-code. The
process of sample encrypting is skillful as
follows: The given sample v v 2 RD is
projected onto the subspace F Fk to obtain
v A vk 2 RLk which corresponds to the least
quantization error, as given in For each aspect
1, the nearest centroid c¢ clk;j among 2bl
centroids is determined by the sub quantizer.
The binary string representing the chosen
centroids is concatenated to the index k of the
subspace F Fk in

C. Speeding up the Encoding Process

In order to calculate the quantization error for
all subspaces, the mockup should be
estimated onto each subspace and quantized
by the equivalent subquantizer. However, to
improve the encrypting speed, instead of
looking for the adjoining code in all K
subspaces, the reserve amid the given vector
v alteration vector m mk of each subspaces
through the bottom expanses are selected.
Then v v is only projected against those
subspaces and the quantization faults are
calculated. Experimentally it has been
observed that, for a inadequate numeral of
subspace predictions, almost the same
quantization error (less than 1 percent
difference) can be obtained. Using this
approach, the encrypting process 1is
accelerated by approximately 16 times.

VI .IMPLEMENTATION AND RESULT

The data are collected from pubmed and
pushed into the elastic search.

B.INDEXING MODULE:

Indexing the data received based on search
term keys
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C.SEARCH MODULE:

The search is done using RANKING and
LABELLING methods.

D.VERIFICATION MODULE:

Comparative study will take from RDBMS
search and ANN search and other searches
with Computational Search

ALGORITHMS:
FP-ALGORITHM (Frequent Pattern)

An stretched preface tree structure for storing
compressed and crucial information nearby
frequent patterns named Frequent Pattern
Tree.

Platform - LINUX AND
WINDOWS
ELASTIC
Dataset - SEARCH
JQUERY,AJA
Other Tools - X
Language -JAVA
- Elastic search
Protocol using
HTTP
protocol

Support
Item [D cut:lnl Node-link
A ¥
R:7: 1
1:6
[3:6: <7
14:2
152 e
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VITCONCLUSION:

So, overcoming the difficulties of the
use of simple vector mechanism using
APPROXIMATE NEAREST NEIGHBOUR
SEARCH results in current assessment
metrics. To evaluate learning performance
under the imbalanced learning scenario.
Introducing a number of pattern feature based
models that use different kinds of patterns as
features to represent each sequence as a
feature vector and apply machine learning
algorithms for sequence classification.
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