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Abstract Recently, a recommendation system using deep learning in social network services has been
actively studied. However, in the case of a recommendation system using deep learning, the cold start
problem and the increased learning time due to the complex computation exist as the disadvantage. In
this paper, the user-tailored exercise routine recommendation algorithm is proposed using the user's
metadata. Metadata (the user's height, weight, sex, etc.) set as the input of the model is applied to the
designed model in the proposed algorithms. The exercise recommendation system model proposed in
this paper is designed based on the neural collaborative filtering (NCF) algorithm using multi-layer
perceptron and matrix factorization algorithm. The learning proceeds with proposed model by receiving
user metadata and exercise information. The model where learning is completed provides
recommendation score to the user when a specific exercise is set as the input of the model. As a result
of the experiment, the proposed exercise recommendation system model showed 10% improvement in

recommended performance and 50% reduction in learning time compared to the existing NCF model.
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Fig. 1. Structure of Neural Collaborative Filtering.
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2. Modified Neural Collaborative Filtering
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Fig. 2. Structure of proposed modified NCF.
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Table 1. Simulation Parameters.

loss function binary_crossentropy

embedding
. . 11
dimension
number of nodes 32,64,32,16
batch size 128
Activation ReLU
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