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Cross-modal Retrieval Fusing Multilayer Semantics

FENG Yao-gong CAI Guo-yong

(School of Computer Science and Information Security,Guilin University of Electronic Technology,Guilin, Guangxi 541004 ,China)
Abstract How to explore the inherent relations of different modalities is the core problem of cross-modal retrieval. The
previous works demonstrate that the models which incorporate representation learning and correlation learning into a
single process are more suitable for cross-modal retrieval task, but these models only contain the 1-1 correspondence
correlations between different modalities. However, different modalities are more likely to have different granularities of
semantics abstraction,and the correlations between different modalities are more likely to occur in different layers of se-
mantic at the same time. This paper proposed a cross-modal retrieval model fusing multilayer semantic. The model bene-
fits from the architecture of deep boltzmann machine which is an undirected graph model and implements that each se-
mantic layer of text modality is associated with multiple different semantic layers of image modality at last,and explores
the inherent N-M relations of different modalities more sufficiently. The results of experiments on three real and public

datasets demonstrate that this model is obviously superior to the state-of-art models,and has higher accuracy of retrieval.
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CMDN 0.195 0.283 0.239 0.178 0.274 0.226 0.191 0.267 0.229
Wikipedia Corr-AE 0.201 0.281 0.241 0.207 0.286 0.247 0.225 0.239 0.232
Stacked Corr-RBMs 0.274 0. 347 0.311 0.273 0.361 0.317 0.271 0.371 0.321
DCN 0.295 0. 389 0.342 0. 300 0. 382 0.341 0.295 0.352 0.324
CRFMS 0.304 0.387 0. 346 0.303 0.392 0.348 0. 301 0.395 0.348
RBM+CCA 0.165 0.175 0.170 0.180 0.186 0.183 0.174 0.180 0.177
Multimodel DBM 0. 149 0.199 0.174 0.178 0.187 0.183 0.182 0.172 0.177
CMDN 0.191 0.165 0.178 0.195 0.179 0.187 0.193 0.225 0.209
NUS-WIDE.- 10k Corr-AE 0.241 0.224 0.233 0.264 0.217 0.241 0.256 0.224 0.240
Stacked Corr-RBMs 0. 265 0.263 0.264 0.251 0.249 0.250 0.273 0.266 0.270
DCN 0.303 0.301 0.302 0. 319 0.324 0.322 0.328 0.317 0.323
CRFMS 0.329 0.340 0.335 0.324 0.343 0.334 0.334 0.363 0. 349
RBM+ CCA 0.112 0.134 0.123 0. 140 0.118 0.129 0.139 0.110 0.125
Multimodel DBM 0.151 0.125 0.138 0.146 0.148 0.147 0.136 0.151 0.144
CMDN 0.135 0.180 0.158 0.153 0.185 0.169 0.166 0.179 0.173
Pascal Corr-AE 0.208 0.224 0.216 0.229 0.263 0.246 0.208 0.214 0.211
Stacked Corr-RBMs 0.212 0.232 0.220 0.192 0.243 0.218 0.225 0.278 0.252
DCN 0.261 0.275 0.268 0.264 0. 280 0.272 0. 280 0.339 0.310
CRFMS 0.326 0.361 0. 344 0.332 0.372 0.352 0.318 0.383 0. 351
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Fig. 3 PR curves of all models on three datasets when final representation dimension is set to 16-D
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Fig.4 PR curves of all models on three datasets when final representation dimension is set to 24-D
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Fig.5 PR curves of all models on three datasets when final representation dimension is set to 32-D
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