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Abstract

Social recommendation algorithm can alleviate data sparsity and cold start problems in
recommendation system by integrated social information. Among them, matrix-based
decomposition algorithms are the most widely used and studied. Such algorithms use dot
product operations to calculate the similarity between users and items, which ignores user’s
potential preferences, reduces algorithms’ recommendation accuracy. This deficiency can be
avoided by a metric learning-based social recommendation algorithm, which learns the
distance between user embedding vectors and item embedding vectors instead of vector dot-
product operations. However, previous works provide no theoretical explanation for its
plausibility. Moreover, most works focus on the indirect impact of social friends on user’s
preferences, ignoring the direct impact on user’s rating preferences, which is the influence of
user rating preferences. To solve these problems, this study proposes a user bias drift social
recommendation algorithm based on metric learning (BDML). The main work of this paper is
as follows: (1) the process of introducing metric learning in the social recommendation
scenario is introduced in the form of equations, and explained the reason why metric learning
can replace the click operation; (2) a new user bias is constructed to simultaneously model the
impact of social relationships on user’s ratings preferences and user’s preferences;
Experimental results on two datasets show that the BDML algorithm proposed in this study
has better recommendation accuracy compared with other comparison algorithms, and will be
able to guarantee the recommendation effect in a more sparse dataset.
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1. Introduction

People are facing the problem of data overload as the Internet and information technology

advance. Recommendation systems have emerged to assist users in quickly and accurately
extracting the information they require. In the age of big data, recommender systems, which
reduce the negative effects of information overload by providing users with the most attractive
and relevant items, have been very successful in social media and e-commerce [1].
Traditional recommender systems are facing the cold starts and the data sparsity problems.
The cold start problem occurs when users or items has no historical data associated with them.
The data sparsity problem occurs when the quantity of ratings obtained from users is much
smaller than the number of ratings needed to build an accurate prediction model [2], and most
datasets are sparse, which has a significant impact on the recommendation system'’s accuracy.
The theory of social homogeneity, which holds that users' interests would be similar with their
social friends and will be influenced by them, has driven study on social recommendation [3].
To solve the data sparsity and the cold start problems, social information is incorporated into
the recommendation process, resulting in social recommendation algorithms [4-5]. For
example, the recommendation algorithm based on matrix decomposition [6-8], the
recommendation algorithm based on graph, the recommendation algorithm based on clustering
[9], etc. Among them, the recommendation algorithm based on matrix decomposition is a
popular algorithm in social recommendation because of its advantages such as being flexible,
not easily affected by data sparsity, and good interpretability. Jamali et al. [10] considered the
trust propagation mechanism, so that user’s features are integrated with the characteristics of
the direct neighbor. Ma et al. [11] added a regularization term integrating social relationships
to the loss function, in this way can express the restrictions of social relations on users. By
mining user preferences hidden in social information, social recommendation algorithms are
usable even when the number of user ratings is sparse [12]. Matrix decomposition and its
variants have emerged as the dominant technique for constructing recommender systems in
collaborative filtering [13]. Matrix decomposition captures known ratings and predicts
unknown ratings by dot product between user and item’s feature vectors. In this case, the dot
product measures the similarity between user and item feature vectors. However, dot product
does not satisfy the required triangular inequality in metric space [14], resulting in the matrix
decomposition model's potential vectors not reliably capturing item-item or user-user
similarity [15]. As a result, the use of matrix decomposition in recommendation algorithms
can limit the accuracy of recommendations. Metric learning avoids the drawbacks of matrix
decomposition by constructing distance functions that satisfy triangular inequalities to capture
relationships between data, and is widely applied to classification and clustering tasks [16].
For example, Hsieh et al. proposed CML, CML encodes not only user preferences but also
user-user and item-item similarities [15]. Compared with matrix decomposition techniques,
CML has shown excellent performance in item recommendation, and there are also many
studies exploring the combination of metric learning and recommender systems [17-19].
However, these metric learning-based methods usually directly use the distance between
embedding vectors of users and items to replace the dot product operation in matrix
decomposition, without theoretical demonstration. In addition, the statistical survey results
show that user’s ratings are driven by social networking. For users with less social friends and
items with less interactive, social influence is stronger. Newer and extremely negative ratings
among social friends will have a more significant impact on users [20]. This shows that in
practical applications, social relations will not only indirectly affect users' preferences, but also
directly affect users' rating decisions [21], and even trigger social learning behavior [22].



3800 Zhao et al.: User Bias Drift Social Recommendation
Algorithm based on Metric Learning

However, the existing social recommendation methods only consider the indirect impact of
social relations on users’ preferences, while ignoring the direct impact of social relations on
users' ratings decisions. This effect is the impact of social friends on users' rating preferences.
The data set is analyzed in Section 4.2 of this paper. The results show that user’s friends can
impact user’s rating preferences.

This study focuses on the influence of social behavior on a user's rating preferences and
thus proposes a User Bias Drift Social Recommendation Algorithm based on Metric Learning
(BDML). The main contributions of this study are as follows:

(1) We deduced a formula for predicting user ratings by introducing metric learning, and
theoretically explained the principle of using the metric distance between vectors to
replace vector multiplication.

(2) We present a novel metric learning-based algorithm, BDML, which constructed a
new user bias. On the basis of previous research, we consider the direct impact of
social friends on users' rating preferences.

(3) We conduct extensive experiment on two public datasets. The results show that
BDML algorithm outperforms baselines algorithms.

The rest of this paper is structured as follows: we briefly introduce related work in section

2. In section 3 we first derive a formula for predicting scores using metric learning, and then
describe the BDML algorithm in detail. Experiments and analyses are presented in Section 4.
Section 5 presents a summary and outlook.

2. Related work

Matrix decomposition is the most frequently used algorithms for personalized
recommendation. In the Netflix competition, Simon Funk [13] was the first to use matrix
decomposition in the recommendation domain and rating prediction, later researches improved
MF. For example, Koren [23] introduced user and item bias to model user and item particular
features and introduced item implicit feedback to improve the accuracy of recommendation
algorithm. [4,24] et al. incorporated the variability of user preferences on the basis of matrix
decomposition, but these algorithms could not work for the cold start problem.

For the cold start problem, social information is introduced into social recommendation
to improve the recommendation accuracy of the algorithm. Y et al. [13] consider interactions
between users and items based on matrix decomposition, and generate recommendations
through user preference characteristics and item neighbor relationships. Ma et al. [25]
combined users’ social network relationships with a rating matrix by sharing the same user
feature space between social relationships and rating data. And then, they proposed RSTE [26],
a social trust integration algorithm that linearly integrates matrix decomposition with a trust-
based neighborhood model, considering only the user's preferences but also their friends'
preferences in rating prediction for target users. Although the RSTE algorithm uses social
information to alleviate the cold start problem, it only considers the influence of friends'
preferences on the user's preferences without taking trust propagation into account. Jamali et
al. [10] fused a trust propagation mechanism based on social recommendation and proposed a
new social algorithm, SocialMF. Zhang et al. [3] fused the social relationship matrix and rating
matrix into a large matrix, and based on the objective function of matrix decomposition, two
new social regularization terms are added. In this way, the model can perceive the impact of
social relations on user preferences. The above algorithm introduces social information into
the matrix decomposition algorithm, which alleviates the cold start problem in
recommendation systems and improves recommendation accuracy, but dot product operation
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in matrix decomposition does not satisfy the triangular inequality [14], which limits the ability
of matrix decomposition to express user preferences [27]. Metric learning has been introduced
into the recommendation domain to address this issue. Li et al. [28] directly used metric
learning to replace the dot product of user and item features, and thus proposed the SREE
algorithm to integrate user similarity information when predicting ratings. The predictive
rating formula is as follows:

ﬁ,li = ll'l—l—bu +bi _a( pu _qi)( pu _qi) _ﬂZveN(u)SUV( pu - pv)( pu - pv) (1)
where Fui denotes prediction score, y denotes global bias, bu denotes the bias of the user U,

b, is the bias of the item i, p, and Q, are the feature vectors of the user Uand item
i ,respectively. The set of friends of user U is denoted by N (u)), and the similarity between

user Uand user Vis denoted by S, . Hao Wu et al. [14] proposed the CRML algorithm, which

is based on CML and treats the optimization problem as a multitask learning problem with a
primary task for optimal metric learning and two auxiliary tasks for representation learning,
while using soft parameter sharing to pass parameters between the primary and auxiliary tasks.

However, existing social recommendation algorithms ignore the direct influence of social
friend on users' rating decision, the user's rating preference. In addition, many studies have
shown that metric learning-based recommendation algorithms can solve the problem, the dot
product operation can affect the expression of potential user preferences, which reduces the
recommendation accuracy of the algorithm. Hence, this study employs metric learning to
investigate the direct of social behavior on users' rating preferences to improve prediction
accuracy.

3. Method

In previous sections, we discussed social recommendation algorithms related to metric
learning, and in this section, we present a User Bias Drift Social Recommendation Algorithm
based on Metric Learning (BDML). To obtain user and item feature vectors via metric learning,
we first map ratings to metric distances by using the metric method:

Dui = Fax — lii (2)
Ther,,, in the formula denotes the highest score that a user can give to an item in a system

or dataset (if a system is a 0-5 rating system is 5), and r; denotes the rating of user U for

! rmax

item i.In this study, we use the Euclidean distance (orl,-norm distance) as the prediction
distance between feature vectors, P, denotes the feature vector of user U and Q, denotes the

feature vector of itemi.Thatis: D, =|| P, —Q, ||, .Actually, squared distance is usually adopted

to avoid the trouble of computing the square root [29]. As a result, the prediction distance
D, =|| P, —Q. || .Through the above conversion, when the more user U likes itemi, the

smaller the prediction distance between the feature vectors of user U and itemi.
The new prediction distance can be obtained by adding bias information to the prediction
distance in the manner of BiasMF [13].

D, = #g +byg +ba+IIP, QI3 ©)
where z¢, denotes the global distance bias, which is equal to the average distance of the data



3802 Zhao et al.: User Bias Drift Social Recommendation
Algorithm based on Metric Learning

set, bud denotes the users ' distance bias, and bid denotes the items' distance bias. Based on
Eq. (2) and Eq. (3), the prediction rating formula 7, =r, - |3ui can be obtained:

P, = 1ty —byy by —1IP, - Q I (@)

Z ( max ) ZUI max Zu i ui
IRI| IRl
of ratings in training set and . is a constant, so the global distance bias can be written as:

z -rui
IR e =50
IRI_, 2
IR] IRI ©

-rui
Substituting Eqg. (5) into Eq. (4) and denoting the training set mean ratingz;"| by z, -,

In Eq.(4), 4, = , where|| R || denotes the total number

Hy =

byb,and—b,, by b, , Eq. (4) can be written as:
= u+b, +b-|IR, -Q [ (6)
The analysis of the dataset in Section 4.2 shows that user's rating preferences will change
during socialization due to the influence of their friends, and user's rating preferences will tend
to converge with their friends' rating preferences, but since the users themselves are not
identical, the target users will retain their own characteristics even after their rating preferences
have drifted. As a result, in this section, we made a new definition of user bias is provided, as

follows:

Bug =Dgq +byg @)
In Eq. (7), b, represents the user's distance bias (User distance bias), b, represents the
user's distance bias due to its own characteristics (Original distance bias ), and by, indicates

the drift of the distance bias due to the influence of friends (Distance bias drift).
We get the predicted scores by substltutmg Eq (7) into Eq. (4):

R = Tmaxdg —Doq — ~IP,-Q 15 (8)
Useb, to denote—b,, ,b', to denote —b,, , and other expressions are the same as Eq. (6),
So the new prediction rating formula is as follows:
i =p+b, +b', +b—[ R, -Q, I )
Then the objective function can be written as follows:

1 2
L:Ez(rm_(wbﬁbhbi_||pu_Qi||j)) 4 2[R, + 24 Q] + 4 (b2 + b2 +b7)
u,ieR

+> (b )’

u,veT
(10)
The variables in public Eg. (10) are the same as in the previous section, and the
parameters in Eq, where T is the set of users, b;is the drift of the distance bias of user V due

to the influence of friends. The parameters in Eq. (10) are obtained by means of stochastic
gradient descent, and the iterative formula is obtained as follows:
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pu = pu _n(eui (pu _qi)+ﬂ’ppu)
g =q +77(eui '(pu _qi)_ﬂqqi)
bu = bu +77(eui _ﬂbbu) (11)
b, =b; +77(eui _/’i'bbi)

bud = bud +77(eui - ﬂbbud + ZVETU (bud - bvd ))
Whereg; denotes the difference between the true score and the predicted score, calculated

as:e, =r, —f;, and 77 denotes the learning rate.

The flow of the User Bias Drift Social Recommendation Algorithm based on Metric
Learning is shown in Table 1.

Table 1. BDML algorithm Flow

Algorithm1 User Bias Drift Social Recommendation Algorithm based on Metric Learning

Input : train set g, regularization parameter 5 , learning rate 7
Output : global distance bias z¢, user feature matrix P, item feature matrix Q, user bias bu , item

bias b, , item bias drift b/

1: Calculate zby R
CInitialize P. Q. b,. b\

.. b with random variables

2
3 Iteration :

4: forr; inRdo
5 : Update parameters according to Eq. (11):

dL
6 : PU(_PU_}]E
dL
7 Qi<—Qi—77d—Qi
dL
8: bu(—bu—ﬂm
dL
9: bi(—bi—ﬂd—bi
dL
10 : blu(—blu—ﬂﬁ

11 : until converge
12:print P, Q,b,, b, b
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4. Experiment

In order to evaluate the performance of the algorithms in this study, the experimental phase
of this study used two publicly available datasets containing user rating information and social
relationship information, FilmTrust and Ciao, to test different algorithms, and the social
relationships in the datasets were all one-way social trust relationships. All experiments were
performed on a PC equipped with an Intel(R) Core (TM) i5-8500 CPU processor and 8 GB
RAM, running at 3.00 GHz.

4.1 Dataset

The FilmTrust dataset (http://www.librec.net/datasets.html) was crawled by Guo et al. from
the FilmTrust website [24]. FilmTrust is a social trust relationship-based movie
recommendation website that allows users to rate movies based on their preferences while
building one-way social trust relationships. The Ciao dataset
(http://www jiliang.xyz/trust.html) was collected by Tang et al. on the item review website
Ciao [30]. In the Ciao dataset, users can not only rate and add reviews to different items but
also build one-way social trust relationships with other users.

The range of scores varies from dataset to dataset. FilmTrust has a scoring range of 0.5-
4 with a step size of 0.5, while Ciao has a scoring range of 1-5 with a step size of 1. Table 2
displays detailed statistics for both datasets.

Table 2. Descriptive Statistics for the Dataset

Dataset Users Items Ratings Density Social Social relationship
relationship sparsity
FilmTrust 1641 2071 35497 1.044% 1853 0.069%
Ciao 7375 106997 284086 0.036% 111781 0.205%

4.2 Dataset Analysis

There are 1,641 users in the FilmTrust dataset, 609 of whom are socially engaged and each of
whom follow a maximum of 59 other users. The Ciao dataset contains 7375 users, 1437 of
whom have performed social behaviors and have a maximum of 100 social friends.

To observe the impact of social behavior on user ratings, this section counts the average
rating of users with social behavior, the global average rating of dataset, the difference between
the average rating of example users and their friends, and the difference between the average
rating of example users and their non-friends, denoted by f1, 2, f3, and f4, respectively, and
the statistical results are shown in Fig. 1.
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Fig. 1. User Rating Statistics

The average user rating in the personalized recommendation algorithm can reflect the
user rating preference to some extent, and this preference is defined as user bias in the rating
formula. As shown in Fig. 1, the average rating of users with social behavior in the FilmTrust
dataset is 2.96, while the global average rating is 1.78. In the FilmTrust dataset, the average
rating of users' social behavior is 65.9 percent higher than the global average rating. It implies
that a user's rating preferences are influenced by their friends. In the Ciao dataset, the average
rating of users with social behavior is 28.4 percent higher than the global average rating,
indicating that users' rating preferences are also influenced by their social friends in the Ciao
dataset.

This section selects a specific user (hereafter referred to as the sample user) in each of the
two datasets and counts the rating data for the sample user to more clearly observe the impact
of social behavior on user rating bias. The difference between the average rating of the sample
users and their non-friends in the Ciao dataset is 0.71, but the distinction with their friends is
0.6. The difference between the average ratings of the sample users and their non-friends is
19% greater than the difference between their friends' average ratings. It indicates that the
average rating of users in the Ciao dataset is more similar with their friends, the user's rating
preferences are closer to those of their friends. In the FilmTrust dataset, the difference between
the sample user's average rating and non-friends is 4.6% higher than the difference between
the average rating of friends, which is small but still indicates that the user's rating preferences
are also influenced by social behavior in the FilmTrust dataset.

4.3 Experimental Settings

4.3.1 Evaluation Metrics

Since the algorithm in this study is aimed at rating prediction, the experiment's evaluation
criteria used two commonly used evaluation indicators in the recommendation system to
measure rating prediction: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).
The lower the RMSE and MAE values, the higher recommended accuracy is. The RMSE and
MAE formulas are as follows:
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A \2
; ri_rui
RMSE:\/Z“"ER(TU ) (12)
Zu,ieR ! _f
S

ui ui|
where R denotes the test set, T is the total number of ratings in the test set, r; is the true

MAE = (13)

rating, and f; is the predicted rating.

In addition, to ensure the statistical significance of our experiment, we use the Paired
Samples Wilcoxon Test to test the significant level of the difference between the predicted
results by the algorithms and the actual results. When P < 0.05, the predicted ratings of the
model and the true ratings are considered to be significantly different, and when P > 0.05, the
predicted ratings of the model and the true ratings are considered to be no significant difference.
The larger the P value, the smaller the difference between the predicted ratings and the true
ratings.

4.3.2 Parameter Settings
The BDML algorithm has four main parameters: user feature regularization parameter 4,

item feature regularization parameter 4, bias regularization parameter 4, , and feature vector

dimension d .This section demonstrates how parameter changes affect the experimental results
in the FilmTrust dataset. First, changed the parameter A, and Fig. 2 shows how the RMSE

and MAE change as the parameters are changed.
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Fig. 2. Impact of ﬂ,p on Prediction Accuracy
As the parameter A, changes, the RMSE trend is shown in Fig. 2(a), and Fig. 2(b) depicts
the MAE trend as the parameter 4 is changed. The figure shows that when 4 is set to 0.2,

the optimal values of RMSE and MAE are obtained simultaneously, and the overall trend of
both RMSE and MAE increases as the parameter is increased, so ﬂp is set to 0.2.

When adjusting the parameter 4, , the RMS and MAE change with the parameter as shown
in Fig. 3.
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Fig. 3(a) shows the RMSE trend as the parameter 4, varies, while Fig. 3(b) depicts the
MAE trend as the parameter 4, is changed. The figure shows that when 4 is set to 1.3, both
RMSE and MAE achieve higher values, so that value of 7, is set to 1.3.
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Fig. 4(a) depicts the degree of influence of various feature dimensions d on RMSE, while
Fig. 4(b) depicts the influence of various feature dimensions d on MAE. The figure shows that
when the feature dimension d is set to 16, both RMSE and MAE achieve better values, and as

the feature dimension increases, the RMSE value fluctuates but the overall trend is higher, so
the feature dimension is set to 16.
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Fig. 5(a) shows the impact of various 4, on RMSE, while Fig. 5(b) shows the impact of
various 4, on MAE. The figure shows that the model can achieve a better value when 4, is set
to 0.1, and then both RMSE and MAE gradually increase as 4, increases, so 4, is set to 0.1.

4.4 Baseline Algorithms

In this study, the BDML algorithm is proposed based on metric learning while taking social
information into account. Therefore, we select personalized recommendation algorithms based
on metric learning and some social recommendation algorithms as baselines. Their brief
descriptions of them are listed as follows, and the specific parameter settings of comparison
algorithms are shown in Table 3.

SocialMF [10]: Social Matrix Decomposition (SocialMF) is a social recommendation
algorithm with classical user feature re-representation. The algorithm considers that user
preferences depend on the preferences of friends, and therefore re-represents user features by
the features of friends.

SoReg [11]: SoReg’s concept is similar with SocialMF in that it assumes that user
characteristics should be similar with their friends, and thus uses their fends' preference
information to influence the user's final rating.

SREE [28]: Social Recommendation model using Euclidean Embedding (SREE) is a social
recommendation algorithm based on metric learning that considers social information and uses
it to re-represent user features.

TrustPMF [3]: TrustPMF considers both the influence of the trustor and the influence of
trustees on user characteristics.

Table 3. The specific parameter settings of the competing algorithms
Parameter Settings

Algorithms
FilmTrust Ciao
SocialMF ﬂp =0.05, /1q =0.05,d =5 /1p =0.3, /”Lq =03,d=9
SoReg ip:0.02,ﬁq =0.02,d =10 ﬂp:0.2,ﬂq =0.2,d =10
SREE ﬂp:1.4,lq:1.2,d=10 lp:0.2,/1q:0.2,d=10

TrustPMF B,=10, 8, =10,d =10 B.=5,,=5,d =10
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The special parameter 3 of the TrustPMF algorithm in Table 3 controls the similarity

between user characteristics and trustee characteristics, /3, controls the similarity between

user characteristics and trustee characteristics, and the other parameters are consistent with the
above meanings.

4.5 Experimental Results

Experiments are carried out on two real datasets in this study to demonstrate the efficacy of
the proposed method. Throughout the experiments, the datasets were divided into 8:2 training
and test sets. Table 4, Fig. 6 and Fig. 7 show the experimental results on two datasets,
FilmTrust and Ciao.

Table 4. Comparison with different algorithms on FilmTrust and Ciao datasets

Dataset Algorithm RMSE MAE P

SocialMF 0.8399 0.6373 1.612x 107°

SREE 0.8152 0.6346 0.061

FilmTrust TrustPMF 0.8091 0.6327 0.027
SoReg 0.8923 0.6706 9.065x 1078

BDML 0.7980 0.6158 0.2602
SocialMF 1.0216 0.7903 3.074x 10793
SREE 0.9876 0.7560 6.552x 10728
Ciao TrustPMF 1.0079 0.7743 3.326x 10735
SoReg 1.0388 0.7996 3.942x 10762
BDML 0.9813 0.7414 5.243x 1075

Table 4 shows numerical data from the experimental results, demonstrating three
evaluation metrics, RMSE MAE and p, of various algorithms on two real datasets, FilmTrust
and Ciao. The results of statistical experiments in FilmTrust dataset show that the P value of
BDML algorithm is greater than 0.05. Although the P value is less than 0.05 on the Ciao
dataset, but the BDML model had the highest P value and the best performance.

This section graphs the numerical data in Table 4 to form Fig. 6 and Fig. 7, and BDML
algorithm is labeled with an orange grid in Fig. 6 and Fig. 7. This allows for a clear comparison
of the experimental results. Fig. 6 compares the RMSE and MAE of various algorithms in the
FilmTrust dataset, and Fig. 7 compares the performance of various algorithms in the Ciao
dataset.
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All three methods, SREE, SoReg, and SocialMF use social information for the re-
representation of user features, but as seen in Table 4 and Fig. 6, SREE improves the RMSE
metrics by 8.6% and 2.9%, respectively, over the two classical algorithms, SoReg and
SocialMF, in the FilmTrust dataset, which indicates that the metric-based learning of user
feature re-representation of social recommendation algorithms can improve the
recommendation accuracy of social recommendation algorithms. However, the SREE
recommendation is slightly less effective than TrustPMF, because TrustPMF considers both
the influence of trusted friends on user characteristics and the influence of trusted friends on
user characteristics.

In terms of RMSE metrics, the BDML algorithm proposed in this study reduces 10.5
percent versus the SoReg algorithm, 4.9 percent versus the SocialMF, 2.1 percent versus the
SREE algorithm, and 1.4 percent versus the TrustPMF; In terms of MAE metrics, the BDML
algorithm reduces 8.1 percent, 3.1 percent, 3.0 percent, and 2.6 percent, respectively, when
compared to SoReg, SocialMF, SREE, and TrustPMF. The BDML algorithm achieves better
improvement in RMSE and MAE metrics when compared to other algorithms, indicating that
the BDML algorithm considers user’s rating preference influenced by friends based on metric
learning and can improve prediction accuracy.

1.05 0.81
1.04 0.8
1.03 0.79
1.02 0.78
w 101 W 0.77
S 1 < 0.76
o =
0.99 0.75
0.98 0.74
0.97 0.73
0.96 0.72
0.95 0.71
SoReg SocialMF SREE TrustPMF BDML SoReg SocialMF SREE TrustPMF BDML

Fig. 7. Comparison with different algorithms on Ciao

As seen in Table 4 and Fig. 7, the comparison trends of the three methods, SREE, SoReg,
and SocialMF, are the same as in the FilmTrust dataset, indicating that metric learning in the
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Ciao dataset can still be useful in social recommendation algorithms for user feature re-
presentation. The TrustPMF effect in the Ciao dataset is worse than in the FilmTrust dataset
because the Ciao dataset is sparser, and the sparsity of the dataset has a greater impact on
recommendation accuracy. In the Ciao dataset, SREE and BDML algorithms still outperform
TrustPMF, indicating that the metric learning-based social recommendation algorithm can still
provide users with more accurate recommendations even in sparse datasets.

In terms of RMSE metrics for the Ciao dataset, the BDML algorithm proposed in this
chapter reduces 5.54 percent versus the SoReg algorithm, 3.94 percent versus the SocialMF
algorithm, 0.6 percent versus the SREE algorithm, and 2.6 percent versus the TrustPMF
algorithm, respectively. In terms of MAE metrics, the BDML algorithm reduces 7.3 percent,
6.2 percent, 2.0 percent, and 4.2 percent, respectively, when compared to SoReg, SocialMF,
SREE, and TrustPMF, indicating that the BDML algorithm can improve prediction accuracy
by considering the impact of social relationships on user rating decisions, and it can also adapt
to sparser datasets.

5. Conclusion

Traditional social recommendation learning is mostly based on matrix decomposition, and the
dot product operation in matrix decomposition makes recommendation by learning the
similarity between user features and item features. This causes the algorithm to ignore the
user's fine-grained preferences for items. Social recommendation algorithm based on metric
learning, using the distance of users and items feature vector in feature space, to replace the
dot product operation, alleviate this problem. We first explain this process in the form of a
formula derivation, thus filling the theoretical gap in the application of metric learning in
recommender systems. In addition, social relationships not only have an indirect impact on
users' preferences, but also have a direct impact on users' rating preferences. We use the new
user bias term to study the direct impact of social relationships on users’ rating preferences.
The proposed BDML algorithm outperforms other baseline algorithms in recommendation.

As people's living standard improves and they are exposed to more and more things,
users' preferences will change accordingly. How to capture the changes in users' preferences
and thus make real-time recommendations is a problem we need to solve urgently. In the future,
we will try to make real-time social recommendations.
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