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Abstract

presents a cross-modal joint representation learning network, and develop a multi-modal fusion model. Firstly, a

Existing studies in user profiling are unable to fully utilize the multimodal information. This paper

stacking method is adopted to learn the joint representation network which fuse the cross-modal information. Then,
attention mechanism is introduced to automatically learn the contribution of different modal to the prediction task.
Proposed model has a well defined loss function and network structure, which enables combining the related
features in various models by learning the joint representations after feature-level and decision-level fusion. The

extensive experiments on real data sets show that proposed model outperforms the baselines.
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Fig. 1 Overall architecture diagram of UMF-SCF
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Fig. 2 Network architecture diagram of FusionFLT
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Table 1 Age prediction results of each baseline method on the
Weibo user profiling data set

ik iR L[S FEIEES F1
FRIETH) 0.622 0.569 0.449 0.457
LINE 0.574 0.191 0.333 0.243
W2V+TE-IDF 0.613 0.530 0.478 0.489
FTHRHE 0.620 0.536 0.426 0.417
Concat+SVM 0.606 0.530 0.514 0.522
Concat+MLP 0.645 0.597 0.526 0.559
UHAN 0.643 0.581 0.471 0.520
UDMF 0.659 0.589 0.491 0.536
SMP CUP st 0.648 0.609 0.483 0.539
UMF-SCF (430) 0.681 0.676 0.521 0.589
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Table 2 Gender prediction results of each baseline method on
the Weibo user profiling data set

ik % it PRI F1
FFAE 1) 0.855 0.879 0.946 0.912
LINE 0.822 0.841 0.948 0.891
W2V+TF-IDF 0.869 0.911 0.922 0.916
FLHHE 0.802 0.826 0.946 0.882
Concat+SVM 0.811 0.897 0.860 0.878
Concat+MLP 0.866 0.879 0.963 0.919
UHAN 0.856 0.903 0.916 0.909
UDMF 0.870 0.888 0.955 0.920
SMP CUP 1st 0.883 0.901 0.960 0.930
UMF-SCF (430) 0.887 0.907 0.955 0.930
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Table 3  Accuracy of simplified models in weibo user
profiling data set
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Fig. 3 Influence of regularization parameters and
learning rate on classification results
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