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Abstract: Recently, Machine Learning has got a succeed scope on multi-view representation. Since the performance
of data mining methods is heavily dependent on the expressive power of data representation, multi-view
representation learning has become a very promising topic with wide applicability. It is an emerging direction in
data mining which considers learning with multiple views to improve the generalization performance. Multi-view
learning is also known as data fusion or data integration from multiple feature sets. In general, multi-view
representation learning is capable of learning more informative and compact representation which leads to an
improvement in predictors’ performance. Thus, multi-view representation learning has been widely applied in
numerous real-world applications including cross-media retrieval, natural language processing, video analysis, and
recommender system. We propose two major categories for multi-view representation learning: (I) multi-view
representation alignment, which aims to capture the relationships among multiple different views through feature
alignment; (1I) multi-view representation fusion, which seeks to fuse the separate features learned from multiple
different views into a single compact representation. Both strategies seek to exploit the complementary knowledge
contained in multiple views to comprehensively represent the data. In this project we implement the concept of
canonical correlation analysis to retrieve the multi data. Inspired by the success of deep learning, deep multi-view
representation learning has attracted much attention in cross media retrieval due to its ability of learning much more
expressive cross-view representation.

Index Terms - multiview representation, Canonical Correlation Analysis.

1) INTRODUCTION:

Multi-view representation learning is concerned with the problem of learning representations of the multi-view data that
facilitate extracting readily useful information when developing prediction models. , data from different views usually
contain complementary information and multi-view representation learning exploits this point to learn more
comprehensive representations than those of single-view learning methods. Multi-view representation learning has
become a very promising topic with wide applicability. Canonical correlation analysis (CCA) and its kernel extensions
are representative techniques in early studies of multi-view representation learning. While CCA and its kernel versions
show their abilities of effectively modelling the relationship between two or more sets of variables, they have
limitations on capturing high level associations between multi view data. Multi-view representation learning is a
scenario of learning representation by relating information of multiple views of the data to boost the learning
performance. The learning scenario is not able to coincide with the statistical properties of multi-view data. The
obtained representation may even reduce the learning performance. Multi-view representation alignment methods seek
to perform alignment between the representations learned from multiple different views. Representative examples can
be investigated from two aspects which is correlation-based alignment and distance and similarity-based alignment. The
multi-view representation learning techniques from the perspective of correlation-based multi view alignment:

canonical

IJCRT2003240 |international Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org 11709


http://www.ijcrt.org/

www.ijcrt.org © 2020 IJCRT | Volume 8, Issue 3 March 2020 | ISSN: 2320-2882

correlation analysis (CCA), sparse CCA, kernel CCA, and deep CCA. Multi-view representation fusion methods aim to
integrate multi-view inputs into a single compact representation. Representative examples can be reviewed from two

perspectives.

1.1) CANONICAL CORRELATION ANALYSIS (CCA):

The Canonical Correlation is a multivariate analysis of correlation. Canonical is the statistical term for analyzing
latent variables (which are not directly observed) that represent multiple variables (which are directly observed).
The term can also be found in canonical regression analysis and in multivariate discriminant analysis.

Canonical Correlation analysis is the analysis of multiple-X multiple-Y correlation. The
Canonical Correlation Coefficient measures the strength of association between two Canonical Variates.

A Canonical Variate is the weighted sum of the variables in the analysis. The canonical variate is denoted
CV. Similarly to the discussions on why to use factor analysis instead of creating unweighted indices as independent
variables in regression analysis, canonical correlation analysis is preferable in analyzing the strength of association
between two constructs. This is such because it creates an internal structure, for example, a different importance of
single item scores that make up the overall score (as found in satisfaction measurements and aptitude testing).

For multiple x and y the canonical correlation analysis constructs two variates CVx1 = aixXi1 + azxz + asxs +
...+ anXnand CVvi = bay1 + bay2 + bsys + ...+ bmym. The canonical weights ai..a» and ba.. bn are chosen so that they
maximize the correlation between the canonical variates CVx: and CVvi. A pair of canonical variates is called a
canonical root. This step is repeated for the residuals to generate additional duplets of canonical variates until the
cut-off value = min(n,m) is reached; for example, if we calculate the canonical correlation between three variables
for test scores and five variables for aptitude testing, we would extract three pairs of canonical variates or three
canonical roots. Note that this is a major difference from factor analysis. In factor analysis the factors are calculated
to maximize between-group variance while minimizing in-group variance. They are factors because they group the
underlying variables.

2) PROBLEMS IN EXISTING SYSTEM:

In this system, information can be retrieved in the form of documents or images. User provides a query to text
search engines, and then text, links and images that have similar keywords / tags or annotations are returned, the
idea is to extract information from an image that contains text, then classify the text into words and further retrieve
information based on the search text. The users may find it difficult to use text to perform a query for some portion
of the content of an image or video. Text-based retrieval techniques are absolutely limited to search the metadata
that is tagged to the image or video. If the text queried is not annotated with the same tag as attached with the image
or video, the data is not returned. One of the disadvantages of text-based image retrieval is that a word can have
different meanings. This problem is best illustrated with an example, searching for the images or videos of jaguar or
Apple.
3) PROPOSED SYSTEM:

The proposed system uses visual similarity (low level features like color, shape, texture) for retrieving images. The
contents of the image itself are used to perform search rather than text. These systems rely completely on the
contents of the image. No keywords are required for searching. The image is analyzed; features are extracted and
stored to retrieve similar images. It creates a unique and compact digital signature or fingerprint of the image and
matches it with other indexed images. This system also serves as a search tool for blind people and as a translator for
language unknown people. Several important applications of multi-view representation learning are discussed. A
great number of multi-view embedding methods have been proposed to cope with these challenges including low-

quality input, inappropriate objectives for multi-view embedding modelling, scalable processing requirements and
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the presence of view disagreement. Since the performance of machine learning methods is heavily dependent on the

expressive power of data representation, multi-view representation learning has become a very promising topic with

wide applicability.

4) SYSTEM ARCHITECTURE:

5) RESEARCH METHODOLOGY:
5.1) DATA ALIGNMENT:

We have the input given datasets X and Y, data alignment is expressed as follows where each view has a
corresponding embedding function that transforms the original space into a aligned space with certain constraints.
Multi modal documents are first in original space that should be aligned by using canonical correlation-analysis then
converted that related documents in semantic space by this we can achieve the aligner data. Construction designs
like internal, celling, design property should be first aligned by using canonical correlation analysis:it is very useful
to retrieve information.

5.2) DATA FUSION:

All the input aligned dataset X and Y are combined by using fusion that is expressed as follows where data from
multiple views are integrated into a single representation h which exploits the complementary knowledge contained
in multiple views to comprehensively represent the data. Converted multi modal documents are integrated into
single element by using fusion (fusion is a method used to combine a small molecule into large molecule). Designs
should be combined into single entity by this we can retrieve the information in multi view accurately and

consuming retrieving time.
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5.3) MULTI MODAL RETRIVAL:

After the alignment and fusion of given input datasets should be retrieved in multiple view of projecting data format,

by using single input and retrieved the output in multiple ways. By this we can get accuracy and time consumption.
When my input is single input the related output should be viewed by this our input may be text, images, audio, and
video. We have major drawback that our image input should be either blur image we can reconstruct the image by
splitting into seven segment pixels, when the information should be repeatedly viewed on the seven segments that
should be original information by using that original information we retrieve the relational data in multiple view.
When the input should be an image that should be analyzed first and search or retrieved the information from the

database or huge number of information in multi perspective view.

6) CONCLUSION:
Multi-view representation learning is concerned with the problem of learning representations of the multi-

view data that facilitate extracting readily useful information by canonical correlation analysis which becomes
increasingly popular for its capability of effectively modeling the relationship between two or more sets of variables.
Multi-view learning is also known as data fusion or data integration from multiple feature sets. This survey aims to
provide an insightful picture of the theoretical foundation and the current development in the field of multi-view
representation learning and to help find the most appropriate methodologies for particular applications. Our project
future enhancement would be to check on an exception that occurs on non-linearity, where when a blur image is

given as input, it does not obtain accurate results.
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