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Cross-Modal Social Image Clustering
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Abstract  With the growth of industrial demands, cross modal learning has gradually attracted
more and more attention. Due to the popularity of social media websites, people can tag social
images according to their social or cultural backgrounds, personal expertise and perception. With
the exponential growth of tagged social images, it has become increasingly attractive to develop
new algorithms for achieving more effective organization and summarization of large-scale social
images. In general, social images contain two modalities of information: visual information and
keyword information. Combining them may lead to a comprehensive description of the social images.
However, most researchers on cross-modal learning focus attention on the shared latent space
learning. and ignore the private information of each modality. In this paper, we leverage a novel
approach to find a latent space in which the information is correctly factorized into shared and
private parts. First, we consider the latent space learning as the coupled dictionary learning
problem, which can generates homogeneous dictionaries for different modalities by associating
and jointly updating their shared coefficients. Second, we add structured sparseness constraints
on the dictionaries to allow a latent dimension to be associated with a single modality. Specifically,
for each modality’s dictionary matrix we add a L, .. norm regularizer to encourage some dictionary
entries to be zeroed-out. By imposing such structured sparseness constraints, some latent dimensions
would be explained by one modality rather than by both the modalities only. We leverage an

optimization method which optimizes the objective function with respect to the dictionary matrices
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and the shared coefficients matrix alternately. For the sub-problems involving dictionary matrices,
we leverage an efficient optimization algorithm based on the composite gradient mapping method
which has been proved to converge very fast. For the sub-problem of the shared coefficients
matrix, a multiplicative update algorithm is used. In addition, it’s important to extract sufficient
semantic relations from a limited number of social keywords. To this end, basing on an extra
lexical database (such as WordNet) that contains sufficient semantic relationships, we propose a
framework for semantic similarity measurement. First, a common sense determination algorithm
is used to detect the common sense for each keyword. Then, we compute the semantic similarities
between social keywords through the measurement of conceptual distance and gloss similarity
between the common senses. Finally, the image-level semantic similarities are computed to describe
the semantic relations among the social images, which construct the semantic feature matrix feeding
to the cross-modal learning algorithms tested in this paper. In the experiments, two real-world
datasets were employed for quantitatively testing the performance of “shared& private” approach
(S&.P) on social image clustering task. In order to show the effectiveness of S&.P, we compared
it with four baseline methods, including the Canonical Correlation Analysis algorithm widely used
in many cross-modal learning tasks as a workhorse tool. Through the experiments, we demonstrate
that the S&.P approach achieves better performance than the baselines. Besides, we also investigated
the influence of S&P’s parameters on its performance by varying one parameter at a time while
fixing the other. This investigation can guide the practical applications in industries.

Keywords cross-modal learning; coupled dictionary learning; WordNet; image clustering;

social images; semantic similarity measurement
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Background

In this paper. we focus on the research of cross-modal
clustering , which is a branch of multi-view learning as known
in machine learning community. The research is part of the
project “Research on the Key Points of Visual Technologies
in Clothing Product Search”, funding by the National Natural
Science Foundation of China. Clothing product search is a
complex project, involving many aspects. Clustering can
provide the structure of the product data. With a more effective
organization of structure, we can achieve more precise
retrieval results and faster speed.

Like social image, clothing image often has some tags,
such as “red”, “round collar” and so on. We are still harves-
ting the clothing images from the Internets, so we didn’t use
any clothing image in experiments here. In this paper, we
proved that leveraging an information database can provide
sufficient semantic relations in cross-modal learning, which
lead to more correlations and powerful descriptive ability. For
clothing image organization, we need a specific information

database. Apparently, WordNet is not suitable for cross-modal

clothing image clustering. Designing and generating a novel
information database is our next move.

The canonical correlation analysis algorithm we used in
this paper has not considered the specific information of each
feature modality. We can view each feature modality as a
combination of shared and specific information. Abandoning
the specific information is wasteful. After completion of
information database, we intend to design an algorithm.
which treats specific information seriously.

Above all, we have introduced the role of this paper in
the project “Research on the Key Points of Visual Technologies
in Clothing Product Search” and the problems of cross-modal
learning. Thanks for all the supports we have. This work is
partly supported by the National Natural Science Foundation
of China (Grant No. 61379106), the Shandong Provincial
Natural Science Foundation ( Grant Nos. ZR2009GL014,
ZR2013FMO036, ZR2015FM011), the Open Project Program
of the State Key Laboratory of CAD&.CG (Grant No. A1315),
Zhejiang University.





