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Abstract: The cross-media retrieval with canonical correlation analysis (CCA) is a method to map different
media features to the largest correlation isomorphism subspace through the canonical correlation analysis,
and compare the similarity between cross-media data in the subspace. However CCA is a linear model and
can not adequately exploit the complex correlation between cross-media data. The structure of the
traditional deep canonical correlation analysis (DCCA) is improved, and the latent dirichlet allocation
(LDA) is used to discover the semantic information in the text data and learns the semantic mapping. The
cross-media correlation learning with deep canonical correlation analysis (CMC-DCCA) and the cross-
media semantic correlation retrieval (CMSCR) are proposed. Experiments on the Wikipedia text image

dataset shows that the CMC-DCCA model can mine the complex correlation between cross-media data
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better, and that CMSCR has better performance in cross-media retrieval.

Key words: canonical correlation analysis; deep canonical correlation analysis; semantic mapping; cross-

media retrieval
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Fig.5 MAP@50 of different activation function
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Tab.1 MAP@50 of different correlation learning methods

Wikipedia
methods
image query  text query average

CCA 0.210 0.194 0.202
KCCA 0.287 0.279 0.283
DCCA 0.272 0.263 0.268
MixPCCA 0.295 0.313 0.304
CMC-DCCA 0.318 0.339 0.329
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Tab.2 The results of different cross-media retrieval methods
wikipedia
methods
image query text query average
CMC-DCCA 0.318 0.339 0.329
corr-AE 0.326 0.361 0.344
corr-cross-AE 0.336 0.341 0.338
corr-full-AE 0.335 0.368 0.352
RE-DNN 0.341 0.353 0.347
CMSCR 0.348 0.359 0.354
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Fig.6 A cross-media retrieval result on Wikipedia dataset with CMSCR
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