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Abstract

Many researchers have been focused on designing beauty product recommendation system for a long
time because of increased need of customers for personalized and customized recommendation in beauty
product domain. In addition, as the application of the deep neural network technique becomes active recently,
various collaborative filtering techniques based on the deep neural network have been introduced. In this
context, this study proposes a deep neural network model suitable for beauty product recommendation
by applying Neural Collaborative Filtering and Generalized Matrix Factorization (NCF + GMF) to beauty
product recommendation. This study also provides an implementation of web API system to commercialize
the proposed recommendation model. The overall performance of the NCF + GMF model was the best
when the beauty product recommendation problem was defined as the estimation rating score problem
and the binary classification problem. The NCF + GMF model showed also high performance in the top
N recommendation.
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(Table 1) Approaches for Developing Beauty Recommender

Development Approaches

Applied Techniques

References

Review text-based Text mining

Matsunami et al.(2017],
Patty et al.(2018)

Harmful ingredient-based Fuzzy inference

Kim et al.(2017)

Skin type-based

OCR Recognition, CF, Content-based filtering | Lee et al.(2018], Lee et al.(2012)

Skin trouble-based Content-based filtering

Ha et al.(2016), Iwabuchi et al.[2017)

Ingredient preference-based | k-nn, Content-based filtering

Yim et al.(2016]

Context-based

RFM, k-means, Association analysis

Cho et al.(2012), Wang et al.[2004]

Time dependent CF

Choi et al.[2018],
Gholamian et al.[2011)
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<Figure 1> Matrix Factorization based neural network model
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Figure 2> Neural collaborative filtering model (Adapted from
He et al., 2017; He and Chua, 2017)
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<Figure 3) Generalized Matrix Factorization with Neural Collaborative Filtering Mode[Adapted from He et al., 2017]
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