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ABSTRACT

With the advent of online social networks, the use of informa-
tion hidden in social networks for recommendation has been
extensively studied. Unlike previous work regarded social in-
fluence as regularization terms, we take advantage of network
embedding techniques and propose an embedding based rec-
ommendation method. Specifically, we first pre-train a net-
work embedding model on the users’ social network to map
each user into a low dimensional space, and then incorporate
them into a matrix factorization model, which combines both
latent and pre-learned features for recommendation. The ex-
perimental results on two real-world datasets indicate that
our proposed model is more effective and can reach better
performance than other related methods.
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1 INTRODUCTION

In social networks, users are more likely to seek suggestions
from their friends. Social relationships provide an indepen-
dent source of information about users beyond rating in-
formation. Therefore, how to utilize social information to
assist recommendation has been widely studied in recent
years [2, 3, 5]. For example, Mohsen et al.[2] incorporated

∗Corresponding author

This paper is published under the Creative Commons Attribution 4.0
International (CC BY 4.0) license. Authors reserve their rights to
disseminate the work on their personal and corporate Web sites with
the appropriate attribution.

WWW ’18 Companion, April 23–27, 2018, Lyon, France

© 2018 IW3C2 (International World Wide Web Conference Commit-
tee), published under Creative Commons CC BY 4.0 License.
ACM ISBN 978-1-4503-5640-4/18/04.
https://doi.org/10.1145/3184558.3186904

the mechanism of trust propagation into Matrix Factoriza-
tion (MF) to predict the behavior of users. However, most
of these existing works mainly regard social influence as reg-
ularization terms, and the deeper structural information of
social networks has not been fully explored.

Motivated by the success of network embedding techniques,
we first pre-train the network embedding model node2vec[1]
to learn high-level network representations from social rela-
tions, and then incorporate them into the MF based model.
By combining the latent and pre-learned network features
together, our method not only can make use of the social
network information deeply, but also can take advantage of
the collaborative filtering model for recommendation. Exper-
imental results on two real-world datasets demonstrate the
effectiveness of our proposed approach.

2 RECOMMENDATION METHOD

In this section, we first introduce the classic latent factor
model, and then focus on how to combine the pre-trained
network representations into MF to conduct social recom-
mendation.

2.1 Low-rank Matrix Factorization Model

Let U={u1...uM} denote the user set, I={i1...iN} denote
the item set, and R = [Ru,i]M×N denote the user-item rat-
ing matrix, where Ru,i represents the ratings of user u on
item i. A low-rank matrix factorization approach seeks to ap-
proximate the rating matrix R by a multiplication of k-rank
factors, and its objective function can be arrived as:

min
U,I

1

|D|
∑

(u,i)∈D

L(Ru,i, R̂u,i(U, I)) + Ω(U, I) (1)

Where D is the observed user-item rating pairs, U and I are
the latent feature factors of users and items, with column
vectors Uu ∈ R

k and Ii ∈ R
k representing user-specific and

item-specific feature vectors, respectively. R̂u,i(U, I) = UT
u Ii

is the predicted score for the dyad (u, i), L(·, ·) is the square

loss function, and Ω(U, I) = λU
2
‖U‖2F + λI

2
‖I‖2F is the corre-

sponding regularization term.

2.2 Combined with Pre-learned Features

As users in social networks often express their social interest
by making different friends, a better understanding of these
social networks is potentially helpful for recommendation.
Let G present the social relationships among users, where an
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edge denotes there is a friend relationship between user u
and v. To mine the deep social structure from G, we intro-
duce the network embedding model node2vec[1] to learn the
high-level user representations1, and let Xu ∈ R

d represent
the learned feature vector of user u, which denotes how well
a user is influenced by his friends in graph G. By fusing these
pre-trained features with the latent features from collabora-
tive filtering model linearly, we can arrive at our embedding
based recommendation method MFn2v:

L(U, I,W ) = min
U,I,W

1

2

M∑
u=1

N∑
i=1

(Ru,i − UT
u Ii −WT

u Xu)
2

+
λU

2
‖U‖2F +

λI

2
‖I‖2F +

λW

2
‖W‖2F (2)

where Wu ∈ R
d is the weighted vector that indicates how

much the pre-trained network features should contribute to
user u.

We apply stochastic gradient descent method to find a
local minimum of Eq. 2, and update the latent factors U, I
and W by the following gradients:

∂L(U, I,W )

∂Uu
=

N∑
i=1

(UT
u Ii +WT

u Xu −Ru,i)Ii + λUUu

∂L(U, I,W )

∂Ii
=

M∑
u=1

(UT
u Ii +WT

u Xu −Ru,i)Uu + λIIi

∂L(U, I,W )

∂Wu
=

N∑
i=1

(UT
u Ii +WT

u Xu −Ru,i)Xu + λWWu

3 EVALUATION

3.1 Experimental Setup and Comparisons

We utilize two real-world datasets (Ciao and Epinions) to
evaluate our recommendation method, and for Ciao[5] the
latent factor dimension k is set as 15 and the regularization
parameters are set as λU = λI = 0.6 and λW = 0.001. For
Epinions[5], the parameters are set as: k =15, λU = λI = 0.6,
λW = 0.005.

For both of these two datasets, 80% of randomly selected
ratings are used for training, and RMSE and MAE[5] are
utilized as the evaluation metrics. In this work, we compare
our method with three related approaches: MF, LFL[4] and
SocialMF[2].

Table 1: The Performance Comparison on Ciao and
Epinion

Dataset Metrics MF LFL SocialMF MFn2v

Ciao
MAE 0.782 0.760 0.755 0.746
RMSE 1.006 1.002 0.990 0.974

Epinions
MAE 0.846 0.842 0.830 0.823
RMSE 1.086 1.070 1.062 1.058

1The parameter settings of our pre-trained node2vec model are: d =
10; l = 80; r = 10; k = 10; p = 1; q = 0.5.

The experimental results are shown in Table 1, from which
we can find: As MF only uses the rating information for rec-
ommendation, it does worse than other methods. The state-
of-the-art social recommendation method SocialMF achieves
a better performance than both MF and LFL, which demon-
strates the social relationship is helpful to model users’ pref-
erence. From this result, we can also find that our proposed
method MFn2v can perform better than SocialMF, and reach
the best performance in experiments, which indicates that
fusing the pre-trained embedding with latent factors is help-
ful, and can effectively model both the users’ personal and
social interests.

3.2 Convergence Analysis

To explore the efficiency of our model, we further conduct ex-
periments to compare the convergence of our MFn2v method
with MF method on Ciao. To make them comparable, same
learning rates are adopted. Fig.1 shows the comparison re-
sults, from which we can observe both these two methods
converge very fast (converge within 80 iterations). The con-
vergence rate of MFn2v is not slowed down by incorporating
the social network representations, on the contrary it can
make a better performance than MF method (Similar result-
s can also be reached on the Epinions data).
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Figure 1: Convergence analysis on the Ciao data (a)
RMSE (b) MAE.
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