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Fusion Vectorized Representation Learning of Multi-source Heterogeneous User-generated
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Abstract With the development of mobile networks and APPs,user generated contents (UGC) containing multi-source hetero-
geneous data such as evaluations, markings,scoring,images and videos are greatly valuable information for improving the quality
of personalized services. The representation learning of fusion and vectorization on the multi-source heterogeneous UGC is the
most critical issue for the successful application. Motivated by this, we propose a representation learning method for effectively
fusing and vectorizing the comments and image data. We utilize the Doc2vec and LDA models to sufficiently extract the features
of the multi-source comments. The images correlated with the comments are represented with deep convolutional network. A hy-
brid vectorized representation learning for fusing comments and a convolution strategy for integrating images and comments are
presented. The feasibility and effectiveness of the proposed method is demonstrated by applying it to typical Amazon public data
sets with heterogeneous UGC, in which the vectorized multi-source heterogeneous UGC is taken as the representation of each

product and the classification accuracy of the products are compared.
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Framework diagram of proposed algorithm
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Table 3 Classification accuracy of different fusion methods on each classifier
- _ Ak
Doc2vec ] & B A Am KE
Logistic Regression 0. 869 0.917 (+4.8%) " 0.869 (—) 0.913 (+4.4%)
Random Forest 0.849 0.893 (+4.4%) " 0.841 (—0.8%) 0.807 (—4.2%)
SVM 0.871 0.915 (+4.4%) *  0.872 (—0.1%) 0.905 (+3.4%)
Naive_bayes 0.798 0.851 (+5.3%0) = 0.796 (—0.2%) 0.835 (+3.7%)
x4 AR ELE HIELES 2 L F1_score {6
Table 4 F1_score value of different fusion methods on each classifier
PN _ S
Doc2vec [ & Eiiii 3 H An *E
Logistic Regression 0. 867 0.904(+3.7%) 0.857(—1%) 0.91(+4.3%)
Random Forest 0. 854 0.87(+1.6%) 0.865(+1.1%) 0.832(—2.2%)
SVM 0. 866 0.902(+3.6%) 0.851(—1.5%) 0.907(+4.1%)
Naive bayes 0.799 0.844(+4.5%) 0.796 (—0.3%) 0.841(+4.3%)
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