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Abstract. In recent years, more and more recommendation algorithms incor-
porate social information. However, most social recommendation algorithms
often only consider the social homogeneity factor between users and do not
consider the social influence factor. To make the recommendation model more
in line with the real-life situation, this paper proposes a novel graph attention
network to model the homogeneity effect and the influence effect in the user
domain. Besides, we also extended this idea to the item domain, using infor-
mation from similar items to alleviate the problem of data sparsity. Also, con-
sidering that there will be interactions between the user domain and the item
domain, which together affect the user’s preference for the item, we use a
contextual multi-armed bandit to weigh the interaction between the two
domains. We have conducted extensive comparative experiments and ablation
experiments on two real public datasets. The experimental results show that the
performance of our proposed model in the rating prediction task is better than
other social recommendation model.

Keywords: Graph attention network � Social recommendation � Multi-armed
bandit

1 Introduction

With the rapid development of the Internet, people have entered an information
overload era [1]. Since the traditional collaborative filtering recommendation methods
usually have problems with the data-sparse and cold start. Therefore, many scholars
propose to use social networks to establish a novel recommendation system (i.e., social
recommendation) to alleviate the problems mentioned above.

In the social recommendation, the user’s decision is often affected by various
factors. As shown in Fig. 1, users are affected by the user homogeneity factor and user
influence factor when making decisions in the user domain. User homogeneity factor
means that users and social friends often have similar preferences [2]. The user
influence factor implies that the user may recommend the item to his friends after they
purchase (or click) an item [3]. Besides, the item homogeneity factor and item influence
factor also exist in the item domain. Item homogeneity factor means that similar items
have similar attractiveness. Also, the item influence factor means that the user clicks on
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an item, and its similar items are more likely to be clicked by the other user. Finally, the
four factors will affect the user’s decisions together.

Previous research on social recommendation has adopted many ways to simulate
social effects [4–6]. Converts social information into the regularization term [7, 8].
Uses network embedding methods to map each user into a low-dimensional vector [9,
10, 19]. Uses graph neural networks to obtain the social diffusion process.

However, the studies mentioned above have the following shortcomings: First,
most research on social recommendation only considers the effect of social homo-
geneity among users. There is not only a social homogeneity but also exists social
influence among users. Secondly, many social recommendation studies assume that
restricts social friends’ influence through constant weights. This way of restraint does
not conform to the social situation in real life.

Therefore, in this paper, we focus on the rating prediction task and propose
RMHFIF (Recommendation Model Based on Social Homogeneity Factor and Social
Influence Factor), a novel social recommendation model based on the Novel Graph
Attention Network (NGAT). Specifically, the RMHFIF model consists of four NGAT
modules. In the user domain, an NGAT is used to aggregate the embedding vectors of
neighboring users that reflect user preferences to obtain user homogeneity factor; an
NGAT is used to convolve the context-aware preferences of neighboring users to
obtain user influence factor. Similarly, in the item domain, we also use NGAT to model
item homogeneity factor and item influence factor. To verify the effectiveness of the
model proposed in this paper, we conducted experiments on two public datasets. In
summary, the main contributions of this paper are as follows:

Fig. 1. Social homogeneity factor and social influence factor.
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• We propose a novel graph attention weight calculation method. And we apply it to
model the social homogeneity factor and social influence factor.

• We propose the RMHFIF model, which models the four factors in the user domain
and the item domain. It enables the model to weigh the homogeneity factor and
influence factor according to the environment.

• We conducted extensive experiments on public datasets. The experimental results
showed that our proposed model is better than the other recommendation model.

2 Related Work

In recent years, the integration of social relationships into recommendation algorithms
has received a lot of attention [18, 20]. The social recommendation model assumes that
the preferences of users and his/her friends are similar. Many scholars have proposed
many social recommendation models based on this assumption. Ma H et al. proposed
the SoRec method, which is a social recommendation algorithm based on feature
sharing [21]. In this method, the user’s feature vector is learned by simultaneously
decomposing the rating matrix and the social relationship matrix, so that the learned
user feature vector can take into account the user’s rating habits and social charac-
teristics. Jamali et al. proposed the SocialMF method, which assumes that the user’s
behavioral preferences should be similar to the average preferences of the user’s social
neighbors [6]. This method adds the trust propagation mechanism to the model, which
can improve the accuracy of the recommendation for cold-start users. Lin et al. pro-
posed the CSR method [22]. This method models the characteristics of social rela-
tionships and models the influence characteristics of social relations. Rafailidis D
proposed the SDPL method, which is a ranking model that performs social deep
pairwise learning with users’ trust and distrust relationships [23].

Graph neural networks can learn graph structure data. The model related to our
work is GraphRec [18]. GraphRec uses the graph neural network to learn the hidden
factors of users and items in the user-user social graph and user-item feedback graph,
and finally completes the task of rating prediction. Although the previous work has
achieved good results, the previous work only modeled the homogeneity in social
relationships and did not model the influence effects in social relationships. In this
paper, we propose the RMHFIF model to fill this gap.

3 Preliminary and Problem Definition

3.1 Novel Graph Attention Network

The setting of the attention weight in the traditional graph attention network [11] is

shown in Eq. (1). In Eq. (1), h
!

i represents the characteristics of the input node, W
represents the weight matrix, Ni is the neighborhood of node i in the graph, and a! is
the weight vector.
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aij ¼ expðLeakyReLUð a!T ½W hi
!jjW hj

!�ÞÞP
k2Ni

expðLeakyReLUð a!T ½W hi
!jjWhk

!�ÞÞ
ð1Þ

Inspired by [24], the graph attention network uses the attention mechanism to
aggregate the information of neighbor nodes. Applying it to the social network graph
can be understood as each user node in the social network graph aggregates the
information of neighboring user nodes. However, the traditional graph attention net-
work weight calculation formula does not add a bias term. In real life, everyone’s
interests are different, and people with different interests can also become friends,
which affects the user’s interests. Therefore, in this section, a novel calculation method
for the attention weight of the graph attention network is proposed. The bias term is
added to the original weight calculation formula. Using this calculation method can
provide a better social graph representation, the specific expression is as follows:

aij ¼ expðtanhð a!T ½W hi
!jjW hj

!�þ bijÞÞP
k2Ni

expðtanhð a!T ½W hi
!jjWhk

!�þ bikÞÞ
ð2Þ

3.2 Notations

Table 1 shows the mathematical notations and their definitions used in this paper.

3.3 Problem Definition

The definition of the social recommendation problem for this paper is as follows: Given
a rating matrix R and the social network SNU, predict the user’s rating for items that
have not yet been rated.

Table 1. Notation.

Symbols Definitions

R user-item rating matrix
rui user u’s rating for item i
M the number of users
N the number of items
CI(u) the set of items rated by user u
CU(i) the set of users who have rated item i
VU the set of users
EU the set of edges connecting users
SNU the social network between users, SNU = (VU, EU)
euv the frequency of interaction between user u and user v
FU(u) the set of the user u’s social friends
FI(i) the set of item i’s similar items
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4 The Proposed Model

The architecture of the proposed model is shown in Fig. 2. In this section, we will
introduce in detail each module of the model and the method of model training.

4.1 Model Details

4.1.1 Original Input and Similar Item Network
First, we require rating matrix R and social network SNU as input. The similarity
coefficient between items Simij is defined as the number of users who rate item i and
item j at the same time. Specifically, given a threshold s, if Simij [ s then item i is
similar to item j. We define the similar item set as VI and connect similar items to form
an edge set EI. VI and EI together form a similar items network SNI ¼ ðVI ;EIÞ.

4.1.2 Embedding Layer
Because each user or item’s original input is a high-dimensional and sparse one-hot
vector. We first need to map each user vector or item vector to a low-dimensional dense
vector representation through the embedding operation. Inspired by [12], each user
vector can be mapped into a specific user embedding P ¼ fpugD�M and a rating-based
user embedding factor X ¼ fxugD�N. The specific user embedding reflects the user’s
interest, and the rating-based user embedding factor reflects the implicit influence of the
user’s past rating on the current decision. Similarly, each item can be mapped to a

Fig. 2. The architecture of the proposed model.
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specific item embedding Q ¼ fqigD�N and rating-based item embedding factor
Y ¼ fyigD�M. The specific item embedding reflects the item’s attributes, and the
rating-based item embedding factor reflects the influence of the item’s past rating on
the user’s decision-making.

4.1.3 NGAT Layer
1) Using NGAT to obtain user homogeneity factor

After the embedding layer’s operation, we have a specific user embedding P. We
use Eq. (3) to calculate and output the user homogeneity factor M*:

M� ¼ rðAttMðSNUÞPWT
M þ bMÞ ð3Þ

In Eq. (3), r, WM and bM are the activation function, weight matrix, and bias
vector, respectively. AttMðSNUÞ ¼ faMuvgM�M represents the attention weight between
user u and user v obtained from SNU. aMuv is calculated by Eq. (4)− Eq. (6).

aMuv ¼ softmaxðaM�
uv Þ ¼

expðaM�
uv ÞP

w2CUðuÞ
expðaM�

uw Þ
ð4Þ

aM�
uv ¼ attnUðWMpu;WMpv;WEeuvÞ ð5Þ

attnUðx; y; zÞ ¼ tanhðWT
Uz� ðxjjyÞþ bUÞ ð6Þ

In Eq. (4), CUðuÞ ¼ fug[ FUðuÞ. In Eq. (5), WE represent the weight matrix of
edge features euv. In Eq. (6), WU and bU are the weight matrix and the bias vector,
respectively. � represent the element-wise product and jj represent concatenation.

2) Using NGAT to obtain item homogeneity factor
Like the user homogeneity factor, after the embedding layer’s operation, we have

specific items embedding Q. We use Eq. (7) to combine similar item information,
calculate and output the item homogeneity factor Q�.

Q� ¼ rðAttQðSNIÞQWT
N þ bNÞ ð7Þ

In Eq. (7), AttQðSNIÞ ¼ fbQij gN�N represents the attention weight between item i

and item j obtained from SNI. b
Q
ij is calculated by Eq. (8)−Eq. (10).

bQij ¼ softmaxðbQ�ij Þ ¼ expðbQ�ij ÞP
k2CIðiÞ expðbQ�ij Þ ð8Þ

bQ�ij ¼ attnIðWQqi;WQqjÞ; j 2 CIðiÞ ð9Þ
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attnIðx; yÞ ¼ tanhðwT
I ðxjjyÞþ bIÞ ð10Þ

In Eq. (9), CIðiÞ ¼ fig[ FIðiÞ. It’s worth noting that the attention weight calculated
by Eq. (7) remains unchanged after item i and item j are determined, which means Q�
is fixed for the item.

3) Using NGAT to obtain user influence factor
Unlike the user homogeneity factor, the user influence factor is often context-

aware. User influence factor is different when facing different items and different
friends. Through the embedding layer, we can get the item embedding Xu, which is
clicked by user u. Use Eq. (11) to make the item that clicked by the user u interact with
the item i+ that has not yet been clicked.

Xiþ
u ¼ fxj � xiþ jj 2 CIðuÞg ð11Þ

Equation (9)’s product operation can be helpful for modeling in a dynamic user
influence environment. Define the rating-based user embedding Piþ ¼ fpiþu gD�M.
Next, we use the maximum pooling (MP) operation to select the most important D-
dimensional features. The specific process is shown as follows:

pi
þ
ud ¼ MP

j2C1ðuÞ
fxjd � xiþ dg; d ¼ 1; . . .;D ð12Þ

In Eq. (12), MP stands for maximum pooling operation. We use Eq. (13) to cal-
culate the user influence factor P�iþ .

P�iþ ¼ rðAttPðSNUÞPWT
P þ bPÞ ð13Þ

In Eq. (13), AttPðSNUÞ ¼ faPuv;iþ gM�M, a
P�
uv;iþ is calculated by Eq. (14)−Eq. (15).

aPuv;iþ ¼ softmaxðaP�uv;iþ Þ ¼
expðaP�uv;iþ ÞP

w2CUðuÞ expðaP
�

uw;iþ Þ
ð14Þ

aP
�

uv;iþ ¼ attnUðWPpi
þ
u ;WPpi

þ
v ;WEeuvÞ;v 2 CUðuÞ ð15Þ

The attnU(•) used in Eq. (15) is the same as Eq. (6). It’s worth noting that the
attention weight aPuv;jþ depends on the user’s rating history and the specific candidate

item i+. It means that P�iþ will continue to change with the context. Such a design
conforms to the real situation of social influence among users.

4) Using NGAT to obtain item influence factor
Like user influence, the calculation of the rating-based item represents Nuþ ¼

fnuþ
i gD�N is shown in Eq. (16)−Eq. (17).
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Yuþ
i ¼ fyv � yuþ jv 2 CIðiÞg ð16Þ

nu
þ

id ¼ MP
v2CUðiÞ

fyvd � yuþ dg; 8d ¼ 1; :::;D ð17Þ

In Eq. (17), nu
þ

id ; yuþ d; yvd are the d-th features of nu
þ

i ; yuþ ; yv respectively. Next,
we calculate the item influence by Eq. (18).

N�
uþ ¼ rðAttNðSNUÞNuþWT

N þ bNÞ ð18Þ

In Eq. (18), AttNðSNUÞ ¼ fbNij;uþ gN�N, and bNij;uþ is calculated by Eq. (19)−Eq.
(20).

bNij;uþ = softmax(bn
�

ij;uþ Þ ¼ exp(bn
�

ij;uþ ÞP
k2CIðiÞ exp(b

n�
ik;uþ Þ ð19Þ

bN
�

ij;uþ = attnI(WNn
uþ
i ,WNn

uþ
j Þ; j 2 CI(i) ð20Þ

4.1.4 Pairwise Neural Interaction Layer
After using NGAT to obtain homogeneity factor and influence factor, inspired by [13],
we make homogeneity factors and influence factors interact with each other in pairs.
Input the four factors into different neural networks.

z0 = [m�
u � q�i ,m

�
u � n�i ,p

�
u � q�i ; p�u � n�i � ð21Þ

gak(zk�1) = tanh(Wa
kz

a
k�1 + bakÞ; k 2 [1,K� 1� ð22Þ

ha = gaKð:::ga2(ga1(z0[a]))),a 2 f1; 2; 3; 4g ð23Þ

We use the tower structure. The higher layer has fewer neurons [13].

4.1.5 Policy-Based Fusion Layer
Here, the four interactive features ha are further merged into a synthetic feature. The
homogeneity factor and the influence factor can work together, but these factors are
different for different users and items. Thus, we modeled the weight distribution of the
homogeneity factor and influence factor as a contextual multi-armed bandit problem.
The action is represented by c 2 f1; 2; 3; 4g, indicates which factor is selected, and the
environment is a user-item pair. The random strategy can be represented by conditional
probability p(cjpu,qiÞ, representing the probability of choosing different social effects
given a specific user-item pair (u, i).
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We use Eq. (24)−Eq. (25) to calculate the conditional probability p(cjpu; qiÞ:

ec ¼ wc[pujjqijj(pu � qi)] + bc ð24Þ

p(cjpu; qiÞ ¼
exp(ecÞ

P4
s¼1

exp(esÞ
ð25Þ

Next, comprehensive representation can be expressed as follows:

h = Ec� pðcjpu;qiÞ(hcÞ ¼
X4
c¼1

p(cjpu,qiÞ � hc ð26Þ

4.1.6 Output Layer and Loss Function
The model final outputs the user u’s rating for unrated item i, which is specifically
calculated by the following equation:

brui = woh + bo ð27Þ

We follow the research of [18] and also use the mean square error loss function:

H1¼
X

ðu;iÞ2O
ðbrui � ruiÞ2 ð28Þ

In Eq. (28), O represents the set of user-item ratings in which user u has rated item
i, rui is the actual rating of user u on item i and brui represents the predicted rating.

4.2 Model Training

4.2.1 Mini-Batch Training
In each epoch, since the number of friends of each user is different, we performed a
sampling operation: First, set a threshold F, and then perform sampling operations. If
the number of friends exceeds F, then F friends are randomly sampled as input data. If
the number of friends is less than F, 0 is filled so that the vector with the number of
dimensions F is reached.

4.2.2 Alleviate Overfitting
To alleviate the over-fitting problem, we adopted L1 regularization. The following
equation represents the regularization loss term:

H2 ¼
X
u

(jjpujj + jjyujjÞ þ
X
i

(jjqijj + jjxijjÞ ð29Þ

In summary, the final loss function of our proposed model is as follows:
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Lfinal = H1 þ kH2 ð30Þ

In the experimental part, we will further discuss the influence of the choice of
regularization parameter k on the model’s performance. Besides, we adopt the dropout
strategy to alleviate overfitting.

5 Experiments

To comprehensively evaluate the performance of our proposed model, we conducted
extensive experiments to answer the following questions:

RQ1 Compared with other recommendation models, how does our social recom-
mendation model perform?
RQ2 The proposed model uses both the homogeneity factor and the influence
factor. Only use one of them, how will the performance of the model change?
RQ3 The proposed model modifies the traditional attention weight calculation
method in the graph attention network. If only the attention weight calculation
method in the traditional graph attention network is used, how will the performance
of the model change?
RQ4 How does the change of hyperparameters affect the performance of the model?

5.1 Dataset Introduction

We choose two public data sets for the experiment. The statistics of the datasets are
shown in Table 2.

• Ciao: This dataset was obtained by Tang Jiliang [14] crawled from the article
review website Ciao in May 2011.

Table 2. Dataset statistics.

Statistics Ciao Epinions

Users 7,375 49,290
Items 105,114 139,738
Ratings 284,086 664,824
Rating range [1,5] [1,5]
Relations 111,781 487,181
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• Epinions: On the Epinions website, visitors can read various item reviews to
determine their purchase behavior and write reviews to get rewards. This dataset is
Paolo Massa crawled from the Epinions.com website [15].

5.2 Experimental Setup

5.2.1 Experimental Environment Setting
To prove the effectiveness of our proposed model, we select 80% of the user-item
interaction data as the training set and the remaining 20% as the test set. All experi-
mental environments are based on Python 3.7 and use TensorFlow 1.15. The training
and testing of the model are based on the NIVIDA TESLA T4 GPU.

5.2.2 Evaluation Metrics
We use Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) to
evaluate our proposed model’s rating prediction quality.

The definition of MAE and RMSE are as follows:

MAE =
1
T

X
i;j

jRij�R̂ijj ð31Þ

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
T

X
i;j

(Rij�R̂ijÞ2
s

ð32Þ

In Eq. (31), Rij represents the rating of user i to item j, Rij represents the rating of
user i to item j predicted by the model, and T represents the number of ratings in the
test set. We can find that the smaller MAE and RMSE, the better the model’s
performance.

5.2.3 Compare Models
We choose the following comparison models for comparison to verify the effectiveness
of the model proposed in this paper:

• SVD++ [12]: This is a recommendation model that considers explicit feedback
information and implicit feedback information.

• SoReg [4]: This is a classic social recommendation model that transforms social
information into social regularization terms.

• TrustSVD [16]: This model integrates rating implicit feedback and social implicit
feedback information.

• CUNE [17]: This is a recommendation model that alleviates the sparsity problem of
social information by generating top-k potential friend information.

• GraphRec [18]: This is a social recommendation model using a graph neural
network. This model uses the social graph and user-item interaction graph.
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• SREPS [8]: This is a collaborative algorithm based on the essential preference
space, which combines explicit feedback, implicit feedback, and social
relationships.

5.3 Comparative Experiments: RQ1

We report the comparative experiment results in Table 3. The percentages in Table 3
are improvements to our RMHFIF model over other models. It can be seen from
Table 3 that our proposed RMHFIF model is always better than other models. The

experimental results verify the effectiveness of our proposed model in the social rec-
ommendation. We have some findings from the experimental results. First, in most
cases, the traditional recommendation model’s performance based on matrix factor-
ization is not as good as the recommendation model that considers social information.
This result is consistent with previous studies’ results. Secondly, the performance of
GraphRec is significantly better than SoReg, TrustSVD, and CUNE. This result shows
that graph neural network applies to social recommendations can dramatically improve
the model’s recommendation performance.

5.4 Ablation Experiments: RQ2

To verify whether each component in the model is effective, we conducted an ablation
experiment. The experimental results are shown in Figs. 3 and 4. The model we
proposed uses both the homogeneity factor and the influence factor. Therefore, we
removed the homogeneity factor and the influence factor in the model to generate two
variants, and we named them RMHFIF-a and RMHFIF-b, respectively. In addition,
since this paper modifies the attention weight calculation method in the traditional
graph attention network, to verify whether the modification is effective, we will use the
traditional graph attention network to replace it, and name the variant model RMHFIF-
c. The definitions are as follows:

Table 3. Performance comparison with other models

Model Ciao Epinions
RMSE MAE RMSE MAE

SVD++ 1.034 0.761 1.077 0.832
SoReg 0.995 0.752 1.072 0.824
TrustSVD 1.033 0.759 1.049 0.814
CUNE 1.028 0.766 1.063 0.819
GraphRec 0.979 0.759 1.057 0.817
SREPS 0.955 0.722 1.039 0.801
RMHFIF 0.941 0.706 1.027 0.775
Improvement 1.47% 2.22% 1.15% 3.35%
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• RMHFIF-a: This variant removes the social homogeneity factor.
• RMHFIF-b: This variant removes the social influence factor.
• RMHFIF-c: Modify the original graph attention network attention weight calcu-

lation method in the NGAT layer to the traditional graph attention network weight
calculation method.

From the experimental results, we can find that: i) the performance of the RMHFIF
model is always better than the other variants. It is enough to prove that both the
homogeneity factor and the influence factor can play a role in the model, and neither is
indispensable. ii) the homogeneity factor and the influence factor have similar effects
on the performance of the model. Using the homogeneity factor and the influence factor
at the same time can significantly improve the model performance. iii) The perfor-
mance of RMHFIF is better than RMHFIF-c, which is enough to prove that the use of a
novel attention network attention weight calculation method can significantly improve
the performance of the model.

5.5 Parameter Sensitivity Experiments: RQ3

This subsection studies the impact of some hyperparameter changes on performance,
including dropout rate q, embedding dimension D, and regularization parameters k.

Fig. 3. Performance comparison of different variants in the Ciao dataset.

Fig. 4. Performance comparison of different variants in the Epinions dataset.
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The results are shown in Figs. 5, 6 and 7. From Figs. 5, 6 and 7 we can see that: i)
The choice of dropout rate q impacts the model’s performance, and the best q value is
different for different datasets. If the value of q is too large, too many neurons discarded
will hinder the model’s training process. If the value of q is too small, it will lose the
ability to alleviate overfitting. ii) The choice of the regularization parameter k is very
important. If k is too large or too small, the performance of the model will decrease. iii)

Fig. 5. The effect of dropout rate q on model performance.

Fig. 6. The effect of regularization parameter k on model performance.

Fig. 7. The effect of embedding dimension D on model performance.
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The proper embedding dimension is very important. If the embedding dimension is too
small, the expressiveness of the model will decrease. If the embedding dimension is too
large, the complexity of the model will increase and the representation vector will
become sparse. Therefore, we need to find a suitable embedding dimension.

6 Conclusion

In this paper, we propose the RMHFIF model, which uses novel graph attention
networks to obtain the homogeneity factor and the influence factor. We also model the
four factor’s weight distribution as a contextual multi-armed bandit problem for
training. The RMHFIF model solves the problem that most of the current social rec-
ommendation models only consider social homogeneity factors without considering
social influence factors. We conducted extensive comparative experiments and ablation
experiments in two public datasets. The experimental results show that the performance
of RMHFIF is better than the other recommendation model.
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