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Research on Recommendation Application Based on Seq2seq Model
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Abstract There is enormous information around us in daily basis which lead to the recommander systems to filter out
the pure gold. The traditional recommander systems have been regarded as static,and lack of the research about the long
or short term dependency of data. Considering the outstanding perform of recurrent neural network in tackling the se-
quence data,recommander system based on seq2seq model was built. The process of recommandation can be viewed as a
process of sequence translation or a process of answer generation,and the model make uses of the used interactive se-
quence data to learn the inherent frequent patterns,then makes the prediction of other users’ actions with items. Two
datasets usually used for recommender system test are involved in the experiments, which measured by the BLEU. The

results show that the method can make the sequence recommendation. The model only needs the interactive data be-

tween users and items,and gets rid of the rating matrix, thus avoids the sparsity problem.
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