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Abstract Cross-modal retrieval has become a topic of popularity,since multi-data is heterogeneous and the similarities between
different forms of information are worthy of attention. Traditional single-modal methods reconstruct the original information and
lacks of considering the semantic similarity between different data. In this work,an Embedding Consensus Autoencoder for Cross-
Modal Semantic Analysis is proposed,which maps the original data to a low-dimensional shared space to retain semantic informa-
tion. Considering the similarity between the modalities,an automatic encoder is utilized to associate the feature projection to the
semantic code vector. In addition,regularization and sparse constraints are applied to low-dimensional matrices to balance recon-
struction errors. The high dimentional data is transformed into semantic code vector. Different models are constrained by parame-
ters to achieve denoising. The experiments on four multi-modal data sets show that the query results are improved and effective
cross-modal retrieval is achieved. Further, ECA-CMSA can also be applied to fields related to computer and network such as deep
and subspace learning. The model breaks through the obstacles in traditional methods.and uses deep learning methods innovative-
ly to convert multi modal data into abstract expression, which can get better accuracy and achieve better results in recognition.
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Table 1 Compared results of MAP of different methods on WIKI
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ECA-CMSA  0.489 0.582 0.536 0. 475 0. 468 0.472

MNZFE 2T LLE 1,78 TVGraz B84, ECA-CMSA %}
TR RS FEREBE T BAAERCR . W T RREME RS
TrEMN FH s ECA-CMSA X T B A 18] SCAT: 55 19 14 g 42 T I
BEOL T SCR B M EAG, AHLEHAL 7 2, & A mgs R A
PR,

2 T8 TVGraz B4 BRIk i MAP X Ho 45
Table 2 Compared results of MAP of different methods on TVGraz
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Table 3 Compared results of MAP of different methods on
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JFSSL 0.769 0.767  0.768  0.757 0.761  0.759
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Fig. 2 Accuracy-recall rate curve and sensitivity analysis results
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Fig. 3

Convergence loss curve
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