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Discriminative Cross-Modal Hashing with Coupled Semantic Correlation

YAN Shuang-Yong LIU Chang-Hong JIANG Ai-Wen YE Ji-Hua WANG Ming-Wen

(School of Computer and Information Engineering ., Jiangxi Normal University, Nanchang 330022)

Abstract A variety of multimedia data on the network have increased exponentially in recent
years including multi-modal data, such as video, picture, audio, text, etc. Different modal data
are often interrelated. For example, in WeChat’s moments, voice and short videos are often
given when publishing pictures. When searching a topic, users expect to get rich and comprehen-
sive retrieval results which include different media data, so how to achieve the cross-modal
retrieval between different modal data has become a research hotspot in the multimedia field. The
cross-modal retrieval methods based on hashing has attracted much attention for their low storage
cost and fast query speed. The core problem of cross-modal hashing learning is how to learn
efficiently the shared embedding semantic space of different modal data. There are two categories
of approaches to handle the problem. The first category is the unsupervised methods, trying to
learn the hashing function from the underlying structure, distribution, and topology information
of the data in order to maintain the original data space structure. The second category is the
supervised methods to combine the semantic label information in the process of the hashing learning.

However, Most of algorithms neglect the semantic discrimination of feature representation in the
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process of embedding the multi-modal data into the shared space, which leads to weaken the
classification discrimination of the hash codes from different classes and reduce accuracy and
robustness of the nearest neighbor search. In this paper, a linear discriminative cross-modal
hashing learning algorithm with coupled semantic correlation is proposed, which integrates linear
discriminative classifier and maximizing the correlation between cross-modals in the objective
function of the model. First, we apply the linear classifier into modeling the supervised hashing
learning so that each modal can learn respectively the discriminative binary hash code with high
classification performance. Second, we project data from different modes into their embedding
spaces to get their respective hash codes, and then the correlations between different modalities
are maximized in the embedding spaces by joint coupled-hashing representation, so not only the
defects of projecting a variety of data into a common embedding semantic space are overcome, but
also the semantic relevance between different modal data can be captured. In the experiments,
three kinds of performance evaluation indexes were employed, including the mean average precision
(MAP) for ten times, the precision recall curve (PR) which implies the retrieval accuracy under
different recall rates and the top N precision that indicates the change of accuracy relative to the
number of the retrieval instances. In order to show the effectiveness of this algorithm, we
compared it with six current relevant algorithms on three benchmark datasets including two cross-
modal retrieval tasks: 1) the retrieving pictures with text; 2) the retrieving text with pictures.
The experimental results show that the proposed method achieves obvious advantages on the
retrieval accuracy and the computational efficiency. Additionally, the influence of the algorithm’s
parameters on its performance was also investigated by changing one parameter while fixing other
parameters. The investigation demonstrates the proposed method is insensitive to the parameters
varieties in a wide range and obtained good results.

Keywords  cross-modal retrieval; cross-modal hashing; linear classifier; semantic correlation;
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This paper proposes a discriminative cross-modal hashing
learning with coupled semantic correlation algorithm. In this
algorithm, linear discriminative classifier is used to the
supervised hashing learning and at the same time the correla-
tions between different modalities are maximized in the
embedding spaces by joint coupled-hashing representation.
This approach can learn respectively the discriminative binary
hash code for each modal but also solve the defects of projecting a
variety of data into a common embedding semantic space and
capture the semantic relevance between multi-modal data.
The experimental results show that the proposed approach
obtains great improvement on the retrieval accuracy and the
computational efficiency by comparing it with six current
relevant algorithms on three benchmark datasets.
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