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Abstract

In this study, with the goal of developing a deep learning-based product recommendation model for effective
matching of influencers and products, a deep learning model with a collaborative filtering model combined
with generalized matrix decomposition(GMF), a collaborative filtering model based on multi-layer perceptron
(MLP), and neural collaborative filtering and generalized matrix Factorization (NeuMF), a hybrid model
combining GMP and MLP was developed and tested. In particular, we utilize one-class problem free boosting
(OCF-B) method to solve the one-class problem that occurs when training is performed only on positive
cases using implicit feedback in the deep learning-based collaborative filtering recommendation model.
In relation to model selection based on overall experimental results, the MLP model showed highest performance
with weighted average precision, weighted average recall, and f1 score were 0.85 in the model (n=3,000,
term=15). This study is meaningful in practice as it attempted to commercialize a deep learning-based
recommendation system where influencer’s promotion data is being accumulated, pactical personalized
recommendation service is not yet commercially applied yet.
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(Table 1) Approaches for Developing Beauty Recommender

Development Approaches

Applied Techniques

References

Review text-based

Text mining, Deep learning

Matsunami et al.(2017], Patty et
al.(2018]), Songl(2019]

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

Time dependent CF

)
Cho et al.(2012)
)

Choi et al.(2018),
Gholamian et al.(2011)
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<Figure 1> Generalized Matrix Factorization based neural
network model(GMF; Adapted from Bokde et al.,
2015; Koren et al., 2009)

A AL e E A 483 v

AEZ 7% CF(MLP: CF based Multi-Layer
Perceptron) @&+  YouTube H|EL A
(Covington et al., 2016), gt=Zol= o} FA
(Cheng et al., 2016), ¢k 72 3 (Shumpei
et al., 2017) ] Agwe] AEH Q] 34 2d din
g A5 A 45}‘411 stk A %"]ﬁ"ﬂ/ﬂ 5

g

| Layer N |

Layer 2 |
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| Layer 1 |

Neural CF Layer
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[ User ID (One-hot) | [ Item ID (One-hot) |

(Figure 2> CF based Multi-Layer Perceptron model (MLP;
He et al., 2017; He and Chua, 2017)

gHH He et al.(2017)-2 f=8-3) 714
matrix factorization)® MLPE
= 2d (NeuMF)$ Algkste] 344452
35 Aljket vl i) & ATl NeuMF 7]4k]
A o] A& gelgt}, MLP9F GMF7F 23k
7} e Hlolofella] &3 Zhs 7hx12lA
A7) shgo] o] Folxl F HF 2 Hojojdx] AA
(concatenatlon) sl wr o g F=E (Figure
3ellA Bz ZAAF, MF ARAL e e} MF AlE

B2 olx9) wle) 2 wiskel & 7k 9140 Fo 2 GMF
LayerE AAkgic},

(Generalzed
afo) )

7H A b‘]— e

A3




48 JOURNAL OF INFORMATION TECHNOLOGY APPLICATIONS & MANAGEMENT

NeuMF Layer
Concatenation
/
[ coe
&
GMF Layer N
ment-wise Produd § t
\
[[MF User Vector | [ MLP User Vector | [ MF Item Vector | [ MLP Item Vector |
[ User ID (One-hot) ] Item ID (One-hot) |

<Figure 3> Neural Collaborative Filtering and Generalized Matrix
Factorization model (NeuMF; Adapted from He et al.,
2017)
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Input: positive training set 7= {(uipc)}?_, . loss

function Z(c, CF(;u,i)), threshold -, number of negative
cases n, number of iteration m

1: Train CF with positive training set T and randomly selected
n negative cases

. p¥n
CF,(0u,i)= argmgm N L(e,, CF(0;u,i,))
=1

2form=1toM
3: Compute prediction error(r,,) for all negative cases
Tion = lex = CF(B5u.4,)|
4: Remove K negative cases which show greater error than
threshold
{(upipe) | ry, > 7}
5: Randomly resample »n—k negative cases instead of
removed negative cases
6: Train HCF with positive training set T and rebuilt » negative
cases
CF, (8u,i)= argmﬁmz:l/(ck, CF(&;u,“,ik))
k=1

m

7: Output CF,,(0;u,i)

<Figure 4> OCF-B Algorithm
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