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Abstract: Factorization machine (FM) is a recently proposed second-order linear model. One of its main advantages is
that the interactions within it are factorized, making it suitable for data with high dimensionality and high sparsity.
Though FM has been applied in recommender systems, it fails to consider the sparsity of variables explicitly, especially
when the variable contains information on structural sparsity. Therefore, the process of feature selection should meet the
following requirements: the linear terms and second-order terms that share the same feature should be included or ex-
cluded at the same time; when the feature is noise, both should be excluded, otherwise, both should be included. Based
on the sparse structure described above, this paper proposes a sparse group lasso-based factorization machine (SGL-
FM). By adding sparse group lasso to the loss function, SGL-FM not only achieves sparsity between groups but also
within groups. From another point of view, sparsity within groups can be seen as a method of controlling the dimension-
ality of the factorization; therefore, SGL-FM chooses the best k& automatically when faced with datasets with different
properties. The experimental results show that by applying the proposed method, under conditions of excellent precision,
a model with more sparsity than FM was obtained.
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