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ABSTRACT A recommender system is an important subject in the field of data mining, where the item
rating information from users is exploited and processed to make suitable recommendations with all other
users. The recommender system creates convenience for e-commerce users and stimulates the consumption
of items that are suitable for users. In addition to e-commerce, a recommender system is also used to provide
recommendations on books to read, movies to watch, courses to take or websites to visit. Similarity between
users is an important impact for recommendation, which could be calculated from the data of past user ratings
of the item by methods of collaborative filtering, matrix factorization or singular vector decomposition. In the
development of graph data mining techniques, the relationships between users and items can be represented
by matrices from which collaborative filtering could be done with the larger database, more accurate and
faster in calculation. All these data can be represented graphically and mined by today’s highly developed
graph neural network models. On the other hand, users’ social friendship data also influence consumption
habits because recommendations from friends will be considered more carefully than information sources.
However, combining a user’s friend influence and the similarity between users whose similar shopping habits
is challenging. Because the information is noisy and it affects each particular data set in different ways. In this
study, we present the input data processing method to remove outliers which are single reviews or users with
little interaction with the items; the next proposed model will combine the social relationship data and the
similarity in the rating history of users to improve the accuracy and recall of the recommender system.
We perform a comparative assessment of the influence of each data set and calculation method on the final
recommendation. We also propose and implement a model and compared it with base line models which
include NGCF, LightGCN, WiGCN, Social LGN and SEPT.

INDEX TERMS Recommendation system, social recommender system, collaborative filtering, graph
convolution network.

I. INTRODUCTION

E-commerce develops strongly and gives users a good expe-
rience not only with complete information about products
but also conveniences for customers such as providing
items by catalog or comparing among products. Items
selected according to certain criteria will be recommended to
customers with relevant characteristics, such as age, gender,
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interests, or place of residence. Storing customer and product
information is a challenging task because the number of
customers and products is very large, increasing rapidly
and diversifying sources of information collected. With a
huge size database of users and items, the speed of access
will limit the effectiveness of e-commerce. The collaborative
filtering (CF) algorithm calculates the similarity between
users [1], [2], without retrieving their personal information.
This algorithm evaluates the similarity between customers
based on the large number of items they have interacted
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with such as purchasing, rating, viewing, commenting. And
then, the system will recommend to a target customer items
in the interactive list of other customers who have a highly
similarity with them. In these models, the correlation between
the user and the item is recorded by an interaction matrix,
which can be implicit or explicit. If the data are implicit,
the matrix element will store whether the user is interested
in or shopping for the item. If the data are explicit, the
matrix element value represents the user’s rating of the item.
The similarity between two users is the distance between
two vectors representing them, each of which contains
information about that user’s interactions with all items.

The explosion in the number of users and items leads
to a huge matrix size, which will take up a large amount
of memory for storage as well as computing resources
for operation on matrices. The matrix factorization (MF)
technique can decompose the interaction matrix into two or
more matrices of smaller size without losing the original
useful information. Singular value decomposition (SVD)
algorithm generalizes the eigen decomposition of a square
matrix which has an ortho normal eigen basis to any size
matrix, and finally, the feature matrix is found with smaller
size and minimum loss. However, most of the elements
in these matrices have the value of zero, because almost
users interested only a certain number of items and has no
interaction with the rest of the item list. It made matrix
sparse, they need to be compressed to both reduce the amount
of memory needed as well as facilitate the computation.
By matrix transformations, information is collected into
embedding matrices and can be efficiently processed using
TensorFlow and Keras libraries [3]. As the final step of the
computation, the embedding matrices can be converted back
to the original interaction matrix size for the front-end layers
to make recommendations to the user.

Besides exploiting user and item interaction information,
users’ social relationships are also essential because they
show the user’s influence in real life. A shopping recom-
mendation from a friend will have a greater impact on
a user’s decision than other advertising sources. Today’s
social networking platforms such as Foursquare, Facebook,
Gowalla also provide a database of users and their friendship
relationships. Mining these facts will enrich the information
and support not only the recommendation process but also
specific user groups [4], [5].

Both the interactions between users and items and the
social relationships between users can be graphically repre-
sented and mined using graph neural network (GNN) [6]. In a
graph, neighboring nodes in some hops show that they are
related. Implicit information could be discovered by travel
though the graph and look for nearly users who have the most
common items reference. These high-order had been found
in Neural graph collaborative filtering model (NGCF) [7].
Each matrix will also be transformed into embedded matrices
that are significantly reduced in dimensions compared to the
original matrix but still contain all the original information.
The embedding matrices are decomposed to capture the
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FIGURE 1. Collaborative Filtering algorithms calculates the correlation
between users.

influence signals and then combine them into a more
informative embedding matrix [8]. The learning process can
be repeated many times to reach the target accuracy, in the
iterations propagated embedding matrices are used to capture
high-order connectivity in the item and user interaction graph.

In this publication, we propose a GCN model that could
analyst and synthesize from three sources of information: the
product and user interaction matrix, the influence weighted
matrix between users and the matrix of social friendships
derived from social network platforms. We also implement
the model and conduct experiments on well-known data sets
and compare the results with the base line models. This article
will be shown the next sections. Chapter 2 will summarize
the research work that are the foundation of the topic and
the latest techniques. Chapter 3 propose model in which we
will show how to preprocess data sets, the organization of
neural layers, and the signal aggregator and decomposer.
Chapter 4 presents the overall results and compares them
with previous state-of—the-art models. Chapter 5 is our
conclusions and some ideas for future research.

Il. LITERATURE REVIEW

A. COLLABORATIVE FILTERING

Recommender system in the first stage exploited features
of all items as well as the preferences of users to find
suitable items and give reasonable recommendations to users
[9]. For example, a book can be categorized into comics,
detective, historical, archaeology, fine arts, and others. With
users, information such as age, gender, address of residence
or education could also used to enrich the input data [10].
However, with a very large number of items and frequent
additions, it is difficult to find out and give items attributes,
the systems need additive filtering methods. Collaborative
filtering approach algorithms were used to find similarity
between users or items without attribute information from
them [11].

Collaborative filtering can be implemented by memory-
based models [12] or model-based models [13]. With
memory-based model, the history of every user’s rating on
items will be recorded in a rating matrix. There are many
ways to define a rating scale, which can be an integer value
from 1 to 5, or an implicit rating. In a space made up of user
set, item set, and rating values, each user is represented by a
feature vector e, also as each item is represented by feature
vector ¢;. The algorithms will find out the distance between
each pair of users (or pair of items for item-based algorithms)
to find the neighbors and form the recommended results.
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There are many methods to calculate distance such as Cosine
function, Jaccard similarity or Mean Squared Differences [8].

In the model-based collaborative filtering systems, the
algorithms will search for patterns in the learning data to
develop a model for future prediction [14]. The matrix that
contains rating of users on items can be reduced by using MF
techniques. In order to ensure accuracy of distance between
users and items the rating matrix can be divided into user
feature matrix and item feature matrix with smaller sizes [15].
The higher accuracy of user similarity calculating, the better
recommendation prediction results.

The Graph convolutional matrix completion (GCMC) built
a graph-based auto-encoder framework for matrix completion
[16]. This model moved from matrix to graph by defining the
main problem as prediction task on a bipartite graph. Graph
construction also benefits from having additional sources of
information such as friendships in social networks, which
are also represented by graphs. The encoders traverse the
graph and record signals from vertices, representing users
and items, producing latent features of these nodes. The of
collaborative filtering problems between rows (or columns)
has now become about measuring the predicted edge weights
between two objects, which present users or items.

B. GRAPH CONVOLUTION NETWORKS

A graph is a type of data structure that uses a set of vertices
V to represent an object and a set of edges E to represent
a relationship to depict the link between entities, people,
data, and qualities. An edge on a graph may be directed or
undirected, specifying the relationship’s weight or just the
relationship itself. In order to extract input data and identify
properties of them, neural networks have had remarkable
success setting up hidden layers [17], [18]. In the publication
[19], neural networks were used with graph input data, and
when vertex features were propagated and aggregated into
one another during the learning process [20], favorable results
were obtained. Graph neuron network (GNN) methods,
which inherit from neural network algorithms, employ
several propagation layers as well as various aggregation
and update techniques. By means of pooling or attention
techniques, the neighbor vertex’s characteristics as well as
those of the target vertex are better modified [21].

Graph Convolutional Network (GCN) is an iterative
method of collecting information [22]. For example, when
there is a similar item of interest to many of the target user’s
friends, it should be recommended with a higher degree than
other items. GraphSAGE [23] embedded inductive for each
vertex of the graph and learned the topological structure of the
graph as well as the effect of vertices on neighboring vertices.
This method not only focus on feature-rich graphs but also
make use of structural features of all vertices.

NGCEF [7] generates hop-by-hop propagation classes in the
input graph under the assumption that the effect of the users
varies depending on the distance between the graph’s vertices.
Attention signals from a user’s neighbors are received by
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the k" layer of propagation, also known as k — order
propagation, which also receives messages from items to that
user. The input parameter k can be viewed as the number
of propagation layers, and the value k = 3 is concluded to
be the best one. The difference between the test set’s actual
and expected assessment value serves as the foundation for
the loss function. Depending on the learning rate, the size
of the embedding matrices, and the quantity of the learning
data, the learning process to minimize the loss function occurs
after a few iterations. LightGCN [24] deleted the feature
weight transformation matrices during propagation and a
non-linear activation function to remove adverse impacts on
objects in the NGCF propagation process in a later version of
the algorithm.

C. SOCIAL RECOMMENDER SYSTEM

The social counseling system has been developed since the
emergence of online social platforms. In addition to user
behavior, restrictions such as liking, sharing and comment-
ing; Additional data from social networks is used to provide
personalized headlines to users considering the influence
of their friends [5], [25], [26]. Loads of information on
social networks have influenced and made users of the same
interests as their friends [27], [28]. ContextMF [29] recorded
the social relational information in the recommendation data
in a frame design that was collected from matrix coefficients
and with regularization terms. This model has improved the
accuracy of the recommendation results when the model
only performs MF with the user and item relation matrix.
The TrustSVD model [25] developed from SVD++ [30]
incorporates the influence of friends on social relations as
an implicit feedback add-on for an observing user. GCN
usage recommendation models are also extended to include
more user social relation information, such as GraphRec [31]
which viewed a user in both importance matrix aspects. social
system and in the matrix of interactions with items. The data
influence between users was aggregated and conditioned by
the Social Aggregation module during machine learning.

Social LGN [32] designed deep models to capture the
most distinctive characteristics of social and embedded
networks and users of mixed embeddings, instead learning
directly from their interaction data only users and items.
Moreover, their model still uses GCN to study the reference
of users whose information influence is affected through
the process of social variables pervasive in social networks.
User influence propagation also propagates through multiple
logging layers, techniques used in NGCF [7] and Light
GCN [24].

Technically, the process of enhancement between social
relational data and user influence in shopping is a challenge
because they change according to the time and nature of each
kind of items. In the Socially-Aware Self-Supervised Tri-
training (SEPT) model [33], three histogram encoders were
created to get the times signal from the social relationship
between users, the user relationship when interested in
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TABLE 1. Ratio between number of users to number of items in surveyed
datasets.

Model Dataset #Users #Items Ratio
Gowalla 20,858 | 40,981 137

NGCF Amazon-book | 52,643 | 91,599 | 1.74
Yelp2018 31,668 | 38048 | 1.0

. Yelp 17237 | 38342 | 222
SociallGN 1 i ke 8358 | 82120 | 9.83
Last.fm 1,892 17,632 9.32

SEPT Douban-Book | 13,024 | 22347 | 1.72
Yelp 19539 | 21266 | 1.01

Gowalla 28,511 40,968 1.44

Librarything 9,088 | 15985 | 1.60

Ourstudy 1 o 5,785 | 108,651 | 18.78
Epinions 1497 | 17,898 | 11.95

similar items and information shared information - augment
the data between social information and shopping interac-
tion information. The self-supervised learning process in
the above model has both improved the effectiveness of
recommendations.

Ill. OUR PROPOSED MODEL

In this section, we present a proposed model to exploit the
rating matrix and social relationship between users to make
recommendations for any user in the future. The model will
be presented with data processing module, GCN module and
prediction layer with loss calculator. An overview on our
model show as Figure 2.

A. DATA PRE-PROCESSING

The data sets are always recorded continuously and redun-
dantly and included noise data that are users and items
with very little interaction. Eliminating these signals will
limit recommendations to items that are no longer available.
Furthermore, the reduced data sets, smaller size but without
losing valuable information, will decrease the memory size
required, as well as cut down the computation time of the
models. In our experiments, we apply a 10-core setting,
which means that users with less than 10 interactions will be
dropped at this processing step.

With the selected set of items, we also keep only the
number of users with the highest interactions that are
measured by the Jaccard distance between the set of items
that a user interacts with and the set of all filtered items in the
database. The ratio of number of users to number of items
can be selected equal to the ratio of the original data set.
The ratio of all survey data sets in the publication [7], [24].
We summarize this ratio in Table 1. Users with a low Jaccard
measure were removed as outliers, and the social friendship
matrix is being rebuilt accordingly.

After pre-processing the data set, we’ve got 3 matrices
as input to the model, where matrix A presents interaction
between users and items, matrix C contains the similarity
degree between users and matrix S represents social friend-
ship of users. The matrix S is an optional matrix, which
could be skipped if a data set does not provide a real social

139762

Algorithm 1 Filter Out Items With Less Than 10 Interactions
Input: &/ x Z ({Interaction between users and items in
original dataset}

QOutput: RC U x7T

1: for allitem i € Z do

2:  if item i has at least 10 interaction then

{10-core setting}

3 I < itemi

4 end if

5: end for
6: p < cardinality of set /
7
8
9

. q < p = selected_ratio
: for all user u € U do
. set, < list of items interacted by user u
10:  sim, = Jaccard distance between set I and set,
11: end for
12: U <« q users have highest sim,,
13: return R=U x|

relationship; or when the noise of social relation data is higher
than the actual effect among users.

1) THE INTERACTION MATRIX A

The user-item interaction data set can be provided as an
implicit or an explicit. Implicit data records interactions such
as item view, item purchase, mouse click, or like item as
a binary value of 0 or 1, while explicit data specifies a
user rating an item with a rating value in a certain range,
for example an integer between 0 and 5. In this article,
we consider the interactions between the user and the item
are implicit recorded and expressed by a bipartite graph
G = {V, E}, where vertices set V = {U, I} is union from set
of users U and items set /; the E contains edge ¢; ; = (u;, ij) if
user u had interaction on item i. Thus, the matrix R C U x I,
represents the graph G, could be defined by (1).

o 1 if user u; refers to item i; )
710 otherwise

Interactive filtering by GCN will capture users’ charac-
teristics into user embedding while features of items will
be learned into item embedding. In order for these two
embedding matrices to be updated at the same time to
facilitate propagation, we design the input matrix to be a
Laplacian matrix showed in (2). If the matrix R represents
user interactions on the items, the transpose matrix RT will
represent the items that the users interacted with. 0 is a zero

matrix of suitable size.
0 R
A= [ o 0} @

Because of convenience in calculation the embeddings
in next layer in our graph convolution operations [7], the
symmetrically normalized matrix A should be calculated
once by (3) and accessed every time the embeddings are
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FIGURE 2. Overview on our proposed model.

number of number of embedding size
users items o
f—% (_H
[T
o R il
Concurrently
update
11N
[THTHTI]

FIGURE 3. The form of matrix M helps embeddings updated concurrency.

convoluted.

A=D3AD™: 3)
where D is the diagonal degree matrix with each entry D; ; has
value of number of nonzero entries in the i — th row vector of
degree matrix A and D; j = 0 with i <> j. Finally, A is used
as one of input sources of our GCN model.

2) THE USERS CORRELATION MATRIX C

The similarity between each pair of customers in the database
depends on how many common items they interact with.
Because the greater the number of items of common interest,
the higher the influence between them. So that, in the
publication [34], a weighted user influence matrix W; was
inputted as an additional source of information. This matrix
can be calculated by W; = R x R and it shows how many
common items that user #; and u; have interaction by value of
Wi, i On the other hand, W; also could be calculated by (5).
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However, the matrix W; only shows the number of
intersections between the two sets of items /; and I;, but
has not recorded the influence of couple of users {i, j} to all
interaction data. The higher the total number of items both of
customers has interacted with, the more similarity should be
counted, since it is clear that they interact with the items more
often than other customers. We propose the matrix Wy has the
same size as the matrix Wy and has the following initialization
value in (4) and (5) with where: /; and I; are the sets of items
interacted by user u; and u;, respectively.

Wy = L1+ I = 10 I = | U I
Wi = | N ;]

“
&)

Therefore, element-wise product Wy © W[’1 will return a
normalized matrix whose elements get a value in range from
0.0 to 1.0, based on the Jaccard similarity between each pair
of users.

Furthermore, GCN-based models collect the collaborative
signals from the high-order connectivity graph. The matrix
Wy © W;~! inadvertently adds weight to the associations
already extracted from high-order connectivity graph i.e.
it makes the model more focused on the interaction points
extracted from the high-order connectivity graph. This leads
to a model that lacks extensible and is prone to over fitting.
To solve this problem we use a function to convert value of
elements of Wy © W; ! into the typical values which showed
in Table 2.

The conversion process of the resulting matrix Wy © W; !
also demonstrates the clustering of all users into multiple
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TABLE 2. Represents the function fclassified elements in the W, o W, ™!
result matrix into denotation values.

Jaccard [0;0.1) [0.1;0.4) [0.4;0.6) | [0.6;0.9) | [0.9;1.0]
index
Typical 0.0 0.005 0.05 0.5 1.0
value
No Very Median . Strongly
Denote interac- low ef- effec- ngh. ef- effec-
. . . fective .
tion fective tive tive

groups through their influence level, which is represented by
the value of the matrix C.

Summarized all above ideas, the matrix C, which repre-
sents the degree of similarity between the behavior of the
users, is implemented as the (6) with f is the value allocation
conversion function, shown in Table 2. Wy, is weighted user
references matrix and Wy is the matrix that represents the
union of two lists of items two users.

C=fWyowh (©6)

3) THE SOCIAL FRIENDSHIP MATRIX S

Because the data of social relation is not always provided
in a data set, it is an optional part of our recommendation
system. In the next part of the experiment, we will present
the comparative results with social relations and without it.
Some data sets and publications review the user i and user j
relationships are represented as a directed edge in a graph if
the user i follow user j (j might not know about 7). In this
article, we treat the relationship of any couple of users as
equal, or in other words, the edge of the relation between them
in the graph is an undirected edge. The social relation matrix
S € U x U denotes the friendship among users in the real
social life. If user i and user j are friends, S;; = 1, otherwise
S;;=0.

In recent studies, the matrix S is used to enhance
users-items relationships in input data. SEPT model has
created a sharing view A [33], calculated as (7). A represents
the relationship weight between users not only by interesting
in common items but also depending on whether they have a
true relationship or not.

A;=[RRHOS (7

We keep our matrix S separate from interaction data A
and users correlation values C in the input to evaluate the
influence of friendship relations on overall recommendation
accuracy. We leave research on integrating social signals into
other matrices for future research.

B. GRAPH CONVOLUTION NETWORK LAYERS

1) TRANSFORMATION WEIGHT MATRICES AND ACTIVATION
FUNCTION

The NGCF model represents the most advanced models that
use GCN for mining and recommendation. NGCF is designed
with feature transformation matrices as well as a nonlinear
activation function like other GCN standards [35]. Then
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the non-linear activation will incorporate embedding in the
output and smoothing the values so as not to introduce a
biased value in overall result. The LeakyReLU function is
commonly used in GCN models [7], [34].

However, developing the NGCF model on data with little
description, where both user entries and each other are stored
with only the valid ID, does not bring any benefit to the
feature learning process. On the contrary, computer resources
are spent a lot on storage and operations on digital matrices.
The use of weighted transformation matrices and activation
function has been discussed in [24]. In this publication, the
LightGCN model eliminates all the weighted transformation
W; along with the activation function and achieves better
overall results than the NGCF model. We again test this
method on the Social LGN model [32] with the variants
eliminating either the transformation matrices, the function
activations, or both.

e SocialLGN-f removes all feature transformation
matrices Wi, W, and Ws.

e SocialLGN-n eliminates the non-linear activation
function o (.).

o SocialLGN-fn eliminates both the feature transforma-

tion matrix W; and the nonlinear activation function o (.).

In all experiments, we apply the same hyperparameters
with publications NGCF and LightGCN, including learning
rate, regularization, dropout rate, Gowalla and Yelp2018 data.
The results show in Figure 4 with Gowalla data set and
Figure 5 with Yelp data set.

018 Testing recall on Gowalla o5 Testing precision on Gowalla

0.16 / ; 005 I‘r/ gy

=y Ry

g 0123 4 § 003 7

S ol f SocialLGN 2 o Social LGN

[ { =SocialLGN-n NI = SocialLGN-n
008 - SociaLGN-f | &~ 0025 « SocialLGN-f
006 > SocialLGN-fn 0024 ~Social LGN-fn

0 200 400 600 800 1000 1200 7() 200 400 600 800 1000 1200
Epoch Epoch

FIGURE 4. Compare variants of SocialLGN on data set Gowalla.

Testing recall on Yelp2018 Testing precision on Yelp2018

0.055
005
N
SEL o
® om S
= -
§°°35 / SocialLGN 5 Social LGN
< 003 =SocialLGN-n N 1 = Social LGN-n
0025 « Social LGN-f A °~°12‘§ = Social LGN-f
o Social LGN-fn 001 SocialLGN-fn
0200 400 600 800 ) 0 4 6 80
Epoch Epoch

FIGURE 5. Compare variants of SocialLGN on data set Yelp2018.

When removing either feature transformation matrices
Wi, Wy, W3 or non-linear activation functions o(.), the
model performance is unstable and worse than the original
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SocialLGN, but removing both feature transformation matri-
ces and activation function the model improves significantly.
Through this experiment we proved our inference about the
negative impact of graph fusion operation to embedding
users. To replace the graph fusion operator, at Social LGN-fn
we simply sum the embedding users social and the embed-
ding users interaction together to generate embedding users
for each propagation.

From the above presentation, we determine that eliminat-
ing both the feature transformation matrices and the nonlinear
activation function is appropriate for the data sets considered
in this article.

2) EMBEDDING LAYERS
Follow the model in publication [36] used two vectors for
user’s latent and item’s latent, to define as a result are users
embeddings and items embeddings, we also define users
embeddings and items embeddings as ¢, € R? and ¢; € R?
with d is the embeddings vector size. In the first round of
propagation, embedding layer ¢© = e(uo) I efo) will be
initialized with normal weight initialization method. Based
on the architecture of LGC [24], the initialized embeddings

(O) and e(o) were the only trainable parameters of our model.
In matrix form we denote E© e R+m*d i the set of all
embeddings during propagation, i.e. E©) contains the set of
n user embeddings and m item embeddings.
0 O

> YUy 0 1'1 ).

0 0 0
EO =E® | E® = [e©, ... g ®

3) PROPAGATION PROCESS

In order to capture signals from three input matrices,
every k propagation layers we propagate the k" user and
item embeddings ek and ek on the LGC architecture [24]
and obtain four embeddlngs contalnm% three 51gnals are

eV, &0 D L Where el and " hold

(k+1)

user-item interaction s1gnals in the matrix A, e contain
social signals between users in matrix S, and eC k+D capture
correlation signals between users in matrix C.
D) ! 0)
Cua " A ¢
ieNA IV IIJ\f |
(k+1) Z e®
Lt
SeNS VINGIIN,
(k-H) — (k)
Zc N IN CIINE
ceNE u
1
JhD _ o) )

i - u
weNA /WA IV

where |N;(| denote the number of neighboring users (or
items) of item(or user) ¢ in the matrix X, X = [A, S, C].
The essence of equation (9) is based on the symmetric
normalization element was used in most GCN model [7],
[24], [34] and was calculated by (3).
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Then the (k 4+ 1)"* user embeddings are aggregated
according to the equation (10), specifically, we combine three
embedding by using the weighted sum of the embeddings.

el *D = AGGREGATION; (i), el+D,  el+D)

(10)

After some loops of propagation process, we’ve got
(K + 1) embeddings corresponding to the number of propa-
gations through K layers and including the initial embedding.
The final embedding of users (and items) will be obtained
by (11).

K
1 o).

N _ Z *) an

k=0

ey = —

Using equation (11), we takes the mean value of all
embeddings at all layers, and that equation can be replaced
with some other functions like maximum, median, weighted
average. In order not to complicate the model and still ensure
good performance in general, we use the mean function.

4) PREDICTION AND OPTIMIZATION
Based on the final embedding e, and e; calculated by (11),
we calculate the prediction score of item i for user u by
equation (12).

Jui = e, e (12)

We build the loss function with Bayesian personalize
ranking (BPR) for model to learn the parameters ® which
only include the user and item embedding. BPR is the
best suitable method for implicit feedback data sets [37],
it assumes observed interactions Q:l have higher preferences
than an unobserved interactions Q;j To optimize the

prediction model we use mini-batch Adam [38] and minimize
the BPR loss in (13).

Lossgpr = »_ > —InoGu—Ju)+ A1 @153 (13)

+ —
Qui Quj

5) MATRIX FORM

To facilitate the implementation of the model, we expressed
the propagation process in the form of matrix in (14).

gD = gt | pletD
k+1 k+1 k+1 k+1
= (B 4 E&D 4 gy | gD
Srk—1 k=1 (k=1 T (k—1
= RE; " +SE; "V + CE; ) | RTEG Y
(14)

where C and S is a symmetrically normalized matrix of C
and S as in (15).

S=Dg : SDy ;2
C=DngDgZ (15)
Rand RT appeared as components in the inputZ in (3).
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TABLE 3. Statistic of the experiment data sets.

Data set #Users #Items | #Edges | #Social
Gowalla 28,551 40,968 | 992,860 | 265,704
Librarything 9,988 15,985 | 372,967 28,736
Ciao 5,785 | 108,651 | 283,034 | 101,245
Epinions 1,497 17,898 25,191 9,493
IV. RESULTS

A. EXPERIMENTAL SETTING

We use setting 10-core with all data sets to ensure that each
user has at least ten interactions. For each data set, we selected
20% of interactions which have the latest timestamp for
testing set and the remaining (80% interactions) are for
process of training. Summary of all data sets showed in
Table 3. We configure our model with embedding fixed
size to 64 for all models and the embedding parameters
are initialized with the normalized weight method. The
optimization process was done with Adam algorithm [38].

1) DATA SETS

o Gowalla: First published in [39], Gowalla is a
web-based application that provides location-based
social networking. Users can check-in and share public
places. Gowalla also collects the friendship network of
users and provides these data as an undirected graph.

o Librarything: is a data from a book review website
called Library Thing [40]. It is an online service to
help people organize their books easily and people can
communicate with each other.

o Ciao: is an online shopping site that records users’
ratings of items with timestamps. Customers can rate an
item with a score from 1 to 5. Users can also add others
to their friend lists and build a social network [41].

« Epinions: is a well-known consumer review site where
users can rate items and add social friends to their
trust lists [42]. The Ciao and Epinions data sets have
been widely selected as benchmark data sets for social
recommendations.

2) EVALUATION CRITERIA
The evaluative measurement should be selected appropriately
for each algorithm [43]. A commonly evaluating method is
dividing a data set into a test set and a train set. The algorithm
is applied on the train set to make predictions and evaluated
these results on the test set. The difference between the
learning result and the actual data value shows the accuracy
of the algorithm of proposed model. This difference can be
represented in mean absolute error (MAE) and root mean
square error (RMSE). Besides accuracy, recall, scalability,
learning time, memory consumption or interpretability are
also an important criterion in evaluating the recommended
system.

For implicit data, interactions between the user and the
item are recorded binary, rather than rated as a specific
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value. Then, the algorithms will use the accuracy measure for
the classification. The commonly used metrics are Precision
and Recall [44], [45]. Precision is the ratio between correct
predictions on the test set, and Recall is the sensitivity of the
algorithm, or the proportion of relational assertions that have
been retrieved from the test set.

o TP
Precision = ——
TP + FP
TP
Recall = —— (16)
TP + FN

where TP is true positive set of correctly predicting interac-
tion exists between users and items. FP is false positive set of
missing prediction of interaction while FN (false negative)
presents the number of predicted interactions not being exist
on the test set.

Furthermore, Discounted Cumulative Gain score (DCG)
[35] assumes that judges have assigned labels to each result
and accumulates across the result vector a gain function G
applied to the label of each result, scaled by a discount
function D of the rank of the result, and it’s normalized by the
dividing DCG of an ideal result vector /. We get Normalized
Discounted Cumulative Gain (NDGC) as in (17).

DCG
NDGC, = ———* (17)
CDGipax

In this publication, we use Precision and Recall (16) and
NDCG (17) that considered at 20 items (NDGC @20).

3) BASE LINE MODELS
To evaluate our proposed model, we compare it with the
following state-of-the-art models as base lines.

e MF [15] is the matrix factorization model demon-
strated in the Netflix pricing competition. The model
outperforms classic nearest neighbor techniques for
generating product recommendations and allows the
inclusion of additional information such as implicit
feedback, temporal effects, and confidence. Even though
this model is outdated, we still put it in comparison to
show the evolution of recommendation models.

« Social MF [46] incorporates the trust information and its
propagation into an MF model. The signals from direct
friends are embedded in the final matrix.

o Trust SVD [25]is a trust-based MF technique, is built on
the SVD++ algorithm. This model handles the explicit
and implicit influence of rated items, by incorporating
reviews from trusted friends, to make prediction of items
for an active user.

o« GCMC [16] assumes that making a future recommen-
dation is a prediction of the association between the
user and the item in the graph. Interaction data is
represented by one bipartite graph with labeled edges
denotes the observed ratings. The model then uses
a graph auto encoding framework based on message
passing on interactive graphs.

o NGCF [7] is one of the most cutting-edge GCN models.
It performs propagation operations on embeddings using
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a few iterations. High-order connectivity in the interac-
tions graph is contained in the stacked embeddings on
the output. The latent vectors contain the collaborative
signal, which strengthens the model.

e WIiGCN [34] based on NGCF model, the WiGCN
added a weighted matrix as an additional input.
That matrix contains the influence of users on each
other. It leads to more data-gathering propagation and
increased recommendation performance.

o LightGCN [24] in order to concentrate on the neighbor-
hood aggregation element for CF, this model eliminates
the weight matrices and the activation function. The
users and items embeddings for the interaction graph
are learned using linear propagation in this model. The
weighted total of all learnt embeddings becomes the
final embedding.

o Social LGN [32] concentrate on the CF’s neighborhood
aggregation component. The users and items embed-
dings for the interaction graph are learned using linear
propagation in this model. The weighted total of all
learnt embeddings becomes the final embedding.

o SEPT [33] from the user social information, this model
augments the user data views with the user social
information. And then the framework builds three graph
encoders upon the augmented views and iteratively
improves each encoder with self-supervision signals
from other two encoders.

B. OVERALL RESULT COMPARISON

Summary of all results from all models on the processed data
are displayed in the Table 4 with three values in each data
set: precision, recall and ndcg measured in 20 items. In order
from the top row down, the chemical process of recommender
system models can be clearly identified, that is, the group
of methods using GCN has better results than the group of
classical methods such as MF or SVD. In the group of GCN
methods, models that do not use the transformation matrices,
such as LightGCN, give better results than the remaining
models. When compared in the group of models that do
not consider social relationships, that is MF, GCMC, NGCF,
LightGCN, WiGCN, our model with interaction embedding
(Our w/ interaction) still gives the highest results.

In each pair of models such as MF and Social MF,
LightGCN and SocialLGN, LightGCN and SEPT, almost
models that use social relationship give better results; This
confirms that mining actual friend data are as important
as mining the correlation between users through items
of common interest. Our proposed model also efficiently
accounts for social relationship data when embedding them
in the propagation process.

C. DETAILED MODEL ANALYSIS

1) EFFECT OF SOCIAL RELATION ON OVERALL RESULT

We compare each pair of models that are architecturally
similar to each other in Table 5. In each row of comparison,
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one model exploits the users and items relationship data while
the other model adds users and users relationship data. In a
pair of models, the signal propagation and reception formulas
all have a high degree of similarity, using (or not using) the
weighted transformation matrices and non-linear activation
functions. The parameters setting in the experiment are the
same.

1) From MF to SocialMF: in the traditional MF model,
the characteristics of each user have been obtained
from the decomposition of the users - items relationship
matrix. Meanwhile, the SocialMF model also extracts
characteristics of a user’s direct friends to enrich
information for that user. However, the SocialMF
model did not deepen the indirect relationships between
the user community, so it missed many valuable
signals.

2) From LightGCN to SocialLGN: this is the only case
where the results are worse across all measures. The
process of combining signals from mining similarities
between users with the social relationships of users is
not in harmony, resulting in friend information not only
reducing the accuracy of the recommendation results
but also scattering the CF results.

3) From LightGCN to SEPT: although both Social GCN
and SEPT are models that extend from LightGCN with
friendship information, it is clear that the SEPT model
has optimized the embedding of the friendship matrix
between users into the model and brings the benefits
big improvement.

4) We also tested the influence of friendship data on the
overall results by removing the S matrix in the model
input and comparing the results between the model
without the S matrix (Our model with only interaction
data) and full model (Our model-all). We calculated
the influence weights between users and clustering
gathered those weights into each relationship level as
shown in the Table 2. By doing that way, our model
avoided the damage of SocialLGN that still captures
valuable friend signals like in the SociaMF model and
explores indirect relationships like other GCN models.

Although friendship data has been shown to influence
the final recommendation results, it should be noted that
relationships in real world change over time and can introduce
bias in recommendations. An example is that friends in the
same type of hobby will find it difficult to give good advice
about another type of hobby.

2) TIME PERFORMANCE ANALYSIS

The time cost of our model lies in the interaction and
social relation graph aggregation. Therefore, the total time
complexity is acceptable in practice. We try to make the
environment run the experiments as similar as possible each
time, the average time results of each epoch compared to each
data set on the LGC-based models are almost similar, the
figures statistics are given in Table 6.
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TABLE 4. Overall performance comparisons.

Data set Gowalla Librarything Ciao Epinion
recall precision  ndcg* recall precision  ndcg* recall precision  ndcg* recall precision  ndcg*
MF 0.1091 0.0308 0.0920 0.0472  0.0114  0.0348 0.0318 0.0105 0.0222 0.0049  0.0006  0.0026
SocialMF 0.1167 0.0327 0.0980 0.0493 0.0121 0.0367 0.0348 0.0103 0.0241 0.0074  0.0009 0.0036
TrustSVD 0.1376 0.0380  0.1120 0.0539  0.0137 0.0374 0.0366 0.0107 0.0248 0.0067 0.0008 0.0035
GCMC 0.1357 0.0385 0.1097 0.0571 0.0151 0.0366 0.0466 0.0139  0.0334 0.0075 0.0009 0.0036
NGCF 0.1622 0.0445 0.1299 0.0680  0.0166 0.0442 0.0506 0.0149  0.0353 0.0118 0.0015 0.0065
WiGCN 0.1632 0.0445 0.1321 0.0734  0.0173 0.0455 0.0522 0.0153 0.0369 0.0122  0.0015 0.0058
LightGCN 0.1808 0.0496  0.1488 0.0768 0.0185 0.0507 0.0571 0.0168 0.0431 0.0150  0.0022 0.0085
Social LGN 0.1705 0.0467 0.1411 0.0741 0.0180  0.0509 0.0521 0.0158 0.0384 0.0102  0.0015 0.0060
SEPT 0.1872 0.0525 0.1519 0.0763 0.0184  0.0499 0.0586 0.0176  0.0439 0.0138 0.0018 0.0071
Our w/ interact | 0.1846 0.0506  0.1509 0.0770  0.0188 0.0509 0.0592 0.0173 0.0433 0.0139  0.0019 0.0073
Our w/ social 0.1924  0.0530  0.1564 0.0774  0.0185 0.0498 0.0578 0.0170  0.0439 0.0100  0.0019 0.0055
Our model-all | 0.1940  0.0537  0.1572 0.0804  0.0191 0.0533 0.0594  0.0176  0.0444 0.0175  0.0023  0.0096

Fndcg@20

TABLE 5. Improvement with social friendship data on Gowalla data set.

Training Loss on Gowalla

0.7

s Testing recall on Gowalla

Users-Items Social models recall precision | ndcg@20
models
MF SocialMF 1+ 7.0% 16.2% 16.5%
LightGCN Social LGN 15.7% 15.8% 15.2%
LightGCN SEPT 1 3.5% 15.8% 12.1%
Our w/ Our model-all 15.1% 16.1% 14.2%
interaction

TABLE 6. The number of epochs the models learned and the average
time (in seconds) per epoch.

WiGCN | LightGCN | SEPT Our w/ Our w/ Our
interact social model-
all
Gowalla 350 1140 1090 490 1040 440
(58.2s) (20.4s) (22.8s) (22.55) (22.8s) (23.7s)
LibraryThing 380 980 970 350 990 570
(32.35) (12.3) (13.15) | (13.35) (13.3) (13.55)
Ciao 70 240 220 180 260 160
(25.85) 9.15) (10.2s) 9.75) (10.1s) (10.2s)
Epinions 50 170 160 90 170 140
(12.55) (4.25) (4.85) (5.35) (4.3s) (4.95)

An extremely outstanding feature of our proposed model
is its convergence speed. Not only does it have higher
recommendation predictions than other models, but its
time efficiency is also significantly shorter than LGC
architecture-based models such as LightGCN, Social LGN,
and SEPT. Specifically, in the Gowalla data set, our model
with only interaction data takes 490 epochs and Our model
only takes 440 epochs, while the two models SEPT and
LightGCN take 1090 and 1140 epochs, respectively. For the
remaining two data sets, Ciao and Epinions, there is also a
similar trend, which demonstrates very good performance
of the model training process. We conclude that the user
correlation matrix helps the model focus on important data,
thereby accelerating the learning process of our model.

3) POSITIVE IMPACT OF USER INTERACTION MATRIX

Our model converges faster than the baseline models, shown
in the Figure 6 and 7. In our previous work at WiGCN
model, adding a weight matrix as input and generating strong
attention signals for nodes in the graph during propagation.
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FIGURE 6. Training curves of LGC-based models, which are evaluated by
training loss and testing recall@20 on Gowalla data set.
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FIGURE 7. Training curves of LGC-based models, which are evaluated by
training loss and testing recall@20 on LibraryThing data set.

The user correlation weight matrix based on the set of shared
items only needs to be calculated once using basic matrix
operations and used for all embedding layers. Therefore,
in this article, the user’s correlation matrix with carefully
preprocessed U x I data has created a very high convergence
speed for the propagation process.

D. EXPLAIN THE INFLUENCE OF INTERACTION DATA AND
SOCIAL NETWORK FRIENDSHIP DATA

One of our main research questions is the influence of
interaction data and social friendship data when considered
separately and when aggregated. We implemented the model
in a modular form, which can enable or disable interactive
embedding and social friend embedding, to make our model
explainable. In Table 7 and 8, we compare 4 models:
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TABLE 7. Influence of interaction data and social network friendship data
on Gowalla data set.

Models recall precision ndcg @20
LightGCN 0.1808 0.0496 0.1488
Our w/ interaction 0.1846 0.0506 0.1509
(+2.1%) (+2.0%) (+1.4%)
Our w/ social 0.1924 0.0530 0.1564
(+6.4%) (+6.9%) (+5.1%)
0.1940 0.0537 0.1572
Our full model (+7.3%) (+8.3%) (+5.6%)

TABLE 8. Influence of interaction data and social network friendship data
on Librarything data set.

Models recall precision ndcg @20
LightGCN 0.0768 0.0185 0.0507
Our w/ interaction 0.0770 0.0188 0.0509
(+0.3%) (+1.6%) (+0.4%)
Our w/ social 0.0774 0.0185 0.0498
(+0.8%) (+0%) (-1.8%)
0.0804 0.0191 0.0533
Our full model (+4.7%) (+3.2%) (+5.1%)

LightGCN (can be considered a baseline model without
interaction matrix and social network friendship data); our
model only with interaction data or social network friendship
data; and our full model.

We conclude that for data sets related to geographical
locations on social networking platforms, social friendship
data create the main impact. It contributes largely to the
increase in precision and recall in our model. For platforms
where friendship network is just a secondary function, such
as the Librarything data set in Table 8, which have social
network just for private messaging, the interaction data plays
a crucial role. Finally, when combining both sources of data,
the best results are achieved.

V. CONCLUSION AND FUTURE WORKS
A. CONCLUSION
In this work, we have presented an effective model that
includes data filtering to remove noisy interactions between
users and items, evaluating the influence of the weight
matrix and activation function on the result, and a method
of consolidating data when the similarity of users comes
from multiple information sources, as well as comparing the
effective recommender system models presented recently.
Designing the input with multi-embedding makes them
quickly capture interaction signals and significantly increase
the efficiency of the model. Our model has inherited the
most effective features from the previously introduced algo-
rithms, which are using the high-order connectivity learning
structure, removing the weight matrix, and eliminating the
nonlinear activation function. We also evaluated the influence
of social friendships on the recommendation process and
pointed out some of the difficulties of using this data.

B. FUTURE WORK
During the process of conducting research, we proposed
several issues that need to be further explored. That is group
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recommendation, which gives the results not only for a single
user but for a whole group of friends. That recommendation
model is useful in contexts where a group of friends go to
the movies together, go to the same attraction, or a group of
students take a course. Another problem is that items have
been treated as individuals; they are not clustered or grouped
into catalogs. This may have omitted a lot of information
from the set of items in the final recommendation result.
In fact, items are closely related when they belong to the same
commodity group, when items are in geographically distant
locations, or when the item is in movies in the same genre.
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