International Core Journal of Engineering
ISSN: 2414-1895

Volume 8 Issue 1, 2022
DOI: 10.6919/ICJE.202201_8(1).0039

A Matrix Factorization Recommendation Algorithm based on
Radial Basis Network Complementation
Jin Xiang, Junbo Gao
College of Information Engineering, Shanghai Maritime University, Shanghai 201306, China.
1562564643@qq.com

Abstract
Aiming at the problems of data sparsity and scalability of collaborative filtering
recommendation algorithm, a matrix decomposition recommendation algorithm based
on RBF network completion is proposed in this paper. Firstly, the initial movie rating
matrix is partially filled with RBF neural network to reduce data sparsity, and then KNN
is calculated from two dimensions for the target user and target item respectively to
obtain user nearest neighbors and item nearest neighbors, which are fused into a
nearest neighbor rating matrix, and then the decomposition matrix is decomposed and
reduced in dimensionality by SVD matrix, and the largest r eigenvalues are extracted
from the obtained decomposition matrix as the implied factors of the matrix, and finally
the inner product of the left-right matrix and the implied factor is used as the actual
rating of the target item by the fitted target user. Using the Movies-Lens public dataset
ML-1m, and comparing with the traditional matrix decomposition recommender system
algorithm (SVDMF), recurrent neural network recommender system algorithm (CNNMF),
the experimental results show that this algorithm improves the accuracy of predicted
ratings by 6.81% with high data sparsity.
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1. Introduction
As the amount of online information continues to grow, the number of active online users and the
number of released movies continues to increase, user ratings of movies visually reflect the degree of
user preference for movies. However, most movie-viewing platforms (e.g., Tencent, Beep Station,
and Aiki) collect only star ratings (i.e., movie ratings) from users, and how to recommend [1,2,3]
movies that are more suitable for users' interests with limited information, the introduction of
recommendation algorithms is a good solution to such problems.
At present, the commonly used recommendation algorithms are mainly based on collaborative
filtering [4,5]. Many researchers at home and abroad have improved collaborative filtering algorithms
to improve the performance of recommendation algorithms. Yaxian Hao et al [6] proposed a matrix
decomposition recommendation algorithm based on K-nearest neighbors, which mainly uses the
clustering idea to cluster the original matrix and dig the rating information of target users and target
items in the clusters to form recommendations, the disadvantage is that the original matrix is too
sparse and the direct clustering effect is not obvious and the traditional matrix decomposition is used;
Weihong Wang et al [7] proposed a collaborative filtering recommendation algorithm based on
clustering and user preference Wang Weihong et al [7] proposed a collaborative filtering
recommendation algorithm based on clustering and user preferences, using Weighted Slope One
algorithm to fill unknown items, clustering users and then collaboratively recommending them to
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users, the disadvantage is that only the nearest neighbor users are calculated from the user dimension,
and the similarity between movies will also affect the final recommendation to users; Zhang Qingbo
et al [8] proposed to form a heterogeneous network of item-users to mine the similarity relationship
between users, and further use attention to analyze the different concerns of each attribute to improve
user preferences and form preference recommendations, the drawback is that the construction of the
heterogeneous network depends on this trust relationship, and the trust relationship will change over
time, and the resulting relational heterogeneous network produces a large error on the results.J Wang
et al [9] proposed a recommendation performance based on matrix decomposition and Deep Neural
Network Fusion (CF-DNNF) collaborative filtering recommendation algorithm. Although this deep
learning approach extracts the interaction information of users and items, the construction of
multilayer-aware deep neural networks requires a lot of time for training, which affects the real-time
performance of recommendations.
Although the above proposed method alleviates the user cold start problem to some extent [10,11,12],
the following problems still exist: first, in a data sparse environment, the results of neighboring users
using traditional computational methods to calculate users are not accurate enough or some cannot
find the nearest neighbors; second, when the high quality information and edge information of users
are not available, the auxiliary information [13] used to enhance the recommendation accuracy of
collaborative filtering system fails.
In order to solve the above problems, this paper proposes a matrix decomposition recommendation
algorithm based on radial basis network complementation. Firstly, for the sparse matrix [14,15], the
data is augmented using the self-learning advantage of neural network, and the user behavior is
predicted using the feature of faster convergence of RBF neural network [16,17] to complement the
matrix, and then the augmented matrix is clustered using k-nearest neighbors for the target user and
target item, respectively [18,19,20], and the clustered user and item as the nearest neighbor matrix,
matrix decomposition is applied to the nearest neighbor matrix, and the r most influential users and
items are selected according to the magnitude of their eigenvalues, and the 2-paradigm divided by the
value of K of these r users and items is used as the final target user's rating of the target item;
experimental results show that the k-nearest neighbor decomposition algorithm based on neural
network complementation proposed in this paper has a greater improvement in accuracy compared to
the traditional method for movie recommendation.
The composition of this paper is as follows: the second part introduces the K-nearest neighbor
recommendation algorithm based on neural network complementation proposed in this paper; the
third part introduces the experimental procedure and the result analysis; the fourth part is a summary
of this paper and an outlook on the future.

2. Matrix Decomposition Recommendation Algorithm with Radial Basis
Network Complementation
2.1 Construction of RBF Neural Network
Table 1. User-Project Rating Sheet P (6*9)
Item

I1

User

I2

I3

I4

I5

I6

I7

I8

U1

5.0

3.5

1

2

4

Null

4.5

Null

U2

3.0

5

5

4

Null

2.5

3

4

U3

3.5

4.5

4

5

3

3.5

1

Null

U4

1

2

4

4

4

4

3.5

Null

U5

4

Null

1

2.5

3.5

Null

4.5

Null

U6

3,5

3

4

3

4

3.5

1.5

Null
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In order to build a better RBF neural network, we created a "user-item" rating table as shown in Table
1, the data in this table is taken from some data in the MovieLens dataset, and an empty table item
means that the user has no rating for the item.
The literature [21] suggests that "if two neighboring users have similar interests, then their rating
curves for the overall item should be close to each other". The RBF neural network has good
approximation ability for nonlinear functions, so the ratings of neighboring users can be used to build
a network rating model based on this user. To calculate the similarity between users [22], this paper
uses cosine similarity [23], which measures the similarity of two users by calculating the cosine value
between two vectors.
∑

𝑠𝑖𝑚(𝑎, 𝑏) = 𝑐𝑜𝑠( 𝑎, 𝑏) =
∑

𝑎𝑏
∑

𝑎

=
𝑏

𝑎•𝑏
‖𝑎‖‖𝑏‖

(1)

Where n∈(1,2,... ,l),L is the number of users in the recommender system, and sim(a,b) denotes the
similarity magnitude of user a and user b.
The similarity between users U1 to U6 is calculated as shown in Table 2.
Table 2. User similarity table based on Table 1
User

U1

User

U2

U3

U4

U5

U1

1

U2

0.6460

1

U3

0.7353

0.8402

1

U4

0.6981

0.7480

0.8843

1

U5

0.91075

0.5262

0.6228

0.7095

1

U6

0.7827

0.7835

0.9624

0.9213

0.7070

U6

1

The user similarity table 2 shows that U1 and U5 are neighboring, U2 and U3,U4,U6 are neighboring,
U3 and U6 are neighboring, and U4 and U6 are neighboring, and the users with higher similarity are
used as the input of RBF neural network respectively.
The RBF neural network is a three-layer feedforward neural network with an input layer, an implicit
layer and an output layer. The activation function used in the implicit layer is a Gaussian kernel
function [24], which transforms user ratings with higher similarity as input information for spatial
mapping, data that are indistinguishable in low-dimensional space may be distinguishable in highdimensional space, and the Gaussian kernel is essentially measuring the "similarity" between samples
and samples; such a similar relationship exists between movie users and users There is also such a
similar relationship between movie users and users, and users with higher similarity have similar
ratings for the same movies. In this paper, we use Gaussian kernels of Eqs. 2 and 3.
𝐾(‖𝑥 − 𝑥 ‖)=e
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𝑤 𝐾(‖𝑥 − 𝑥 ‖), 𝑗 = 1,2, … , 𝑛

(3)

Where is the center of the kernel function, is the width parameter of the function, controls the radial
range of action of the function, and is the final network output. The network is trained based on the
following topology diagram of the RBF neural network structure.

Figure 1. RBF neural network topology
As in Figure 1, the vector of user ratings with high similarity is used as the input X to the neural
network, and the columns of items that need to be populated are used as the predicted values.
The RBF neural network has three parameters that need to be obtained in training, the center, width
and adjustment weight parameters, which are dynamically updated in this paper using the gradient
descent method, which can make the trained RBF neural network better predict the rating filling part
of the user's vacant rating value.
The center, width and adjustment weight parameters are all adaptively adjusted to the optimal values
by learning and iteratively calculated as follows.
𝑊 (𝑡) = 𝑊 (𝑡 − 1) − 𝜂

𝜕𝐸
+ 𝛼 𝑊 (𝑡 − 1) − 𝑊 (𝑡 − 2)
𝜕𝑊 (𝑡 − 1)

(4)

𝐶 (𝑡) = 𝑊 (𝑡 − 1) − 𝜂

𝜕𝐸
+ 𝛼 𝐶 (𝑡 − 1) − 𝐶 (𝑡 − 2)
𝜕𝐶 (𝑡 − 1)

(5)

𝜕𝐸
+ 𝛼 𝑑 (𝑡 − 1) − 𝑑 (𝑡 − 2)
𝜕𝑑 (𝑡 − 1)

(6)

𝑑 (𝑡) = 𝑑 (𝑡 − 1) − 𝜂

𝑊 (𝑡)is the moderation weight between the kth output neuron and the jth hidden layer neuron at the
tth iteration of computation.
𝐶 (𝑡)is the central component of the pth hidden layer neuron with respect to the qth input neuron at
the tth iteration of computation.
𝑑 (𝑡)is the radial width corresponding to the central 𝐶 (𝑡); η is the learning factor.
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E is the RBF neural network evaluation function:

𝐸=

1
2

(𝑦 − 𝑜 )

(7)

Where, 𝑦 is the expected output value of the kth output neuron at the lth input sample; 𝑜 is the true
output value of the kth output neuron at the lth input sample.
2.2 KNN-based Matrix Factorization
After partial complementation of the neural network, the sparsity of the user rating matrix is reduced.
On this basis, K nearest neighbors of the target user and K nearest neighbors of the target item are
calculated. In this paper, KNN is calculated from two dimensions for the target user and the target
item respectively to obtain the user's nearest neighbors and the item's nearest neighbors, which are
fused into a nearest neighbor scoring matrix, and then reduced by SVD matrix decomposition, and
the obtained decomposition matrix extracts the largest r eigenvalues as the implied factors of the
matrix, and finally the inner product of the left and right matrices and the implied factors is used as
fitting the actual ratings of the target user to the target item. The KNN algorithm calculates the
structure of the neighboring rating matrix as follows.

Figure 2. Proximity matrix generation diagram for target users and target items
The traditional KNN algorithm calculates the sample to be most similar to the K samples in the dataset,
and if the large logarithm of these K samples belongs to a certain category, then the sample also
belongs to this category. In this paper, an improved algorithm of KNN algorithm is used to calculate
K nearest neighbor vectors for each dimension vector of the rating matrix (Target User vector and
Target Item vector), and the nearest neighbor rating matrix formed by these K*K vectors is a twodimensional description of the target item by the target user.
According to the nearest neighbor rating matrix obtained in Figure 2, the SVD matrix decomposition
is performed to reduce the dimensionality, as in equation (9).
𝑅

×

=U

×

𝛴
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Where the row vector of the left matrix U represents the interest metric of the target user 𝑈 =
(𝑖 , 𝑖 , . . . , 𝑖 ) , the column vector of the right matrix V represents the attribute metric of the target
item 𝑉 = (𝑗 , 𝑗 , . . . , 𝑗 ) , ∑ is a diagonal matrix, and r is the size of the implied factor.The
magnitude of the K and r values determine the accuracy of the final prediction scores, and in this
paper, the magnitude of the parameter K is determined by using the magnitude of the mean square
error (MSE), where the MSE is calculated as follows.

MSE=

1
𝑛

(9)

(𝑥 − 𝑥 )
i=1

Where xi is the true item score and 𝑥 is the final predicted item score.
2.3 Calculate the Prediction Score
In this paper, we propose a new method to calculate the unknown rating value of the tar-get item by
the target user, and the predicted rating 𝑟 is calculated as in equation (10).
𝑅
𝑟=

Where 𝑅

×

×

(10)

𝐾

is the two-parametric number of the decomposition matrix of Eq. (9).

3. Experimental Results and Analysis
3.1 Data Set and Experimental Environment
The experiments in this paper use the MovieLens dataset created by the GroupLens project team at
the University of Minnesota, USA. 943 users and 11,508 items from the said dataset ML-1m are
selected and an initial rating matrix is formed based on the said number of users and the said number
of movie items. The rating scale is a floating point number between 1 and 5, and a higher value of a
user's rating for a movie in the dataset indicates that the user likes the movie more. To evaluate the
algorithm performance, 80% of the dataset is used as the training set and 20% as the test set. The
experimental environment is Windows 10×64 operating system,, Intel Core i5 processor and 8G RAM,
and the compilation tool and compilation environment are jupyter notebook and python3,7
respectively.
3.2 Data Pre-Processing
The information of n users and m movie items is represented by a two-dimensional matrix H ∈ R(n
× m), where H is as fallows.

𝐻=

𝐼
𝐼

,
,

𝐼
𝐼

⋮
𝐼

,

,
,

𝐼
𝐼

⋮
𝐼
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,

⋮
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With 𝑈 = {𝑢 , 𝑢 , 𝑢 , . . . , 𝑢 } to denote the set of users and 𝐼 = {𝑖 , 𝑖 , 𝑖 , . . . , 𝑖 } to denote the set
of items. Some user rating items in the initial matrix H are too sparse to have a great impact on the
final recommendation results, and we do the following.
Remove the meaningless rows and columns, and remove the items with item sparsity greater than
99.5% from the said several item sets I. The formula for calculating the item sparsity ∂ is as follows.
𝜕 = 1−

Item
𝐼𝑡𝑒𝑚

Where Item indicates the number of items that the user has rated and 𝐼𝑡𝑒𝑚
items.

(11)
the total number of

3.3 Parameter Determination and Result Evaluation
In the experiment, the sparsity of the scoring matrix is reduced by filling the initial data with unknown
terms, and then KNN is applied to find the nearest neighbor users and nearest neighbor items, and
finally matrix decomposition is used to generate recommendations for the target users and items. The
size of the parameters K and r determines the accuracy of the final rating. In this paper, we use crossvalidation to determine the parameters K and r, and get the optimal K=5 and r=2, as shown in Figure
3.

Figure 3. Diagram of the relationship between parameters K, r and MSE
Where the horizontal coordinate is the value of K, the vertical coordinate is the value of r, and the
vertical coordinate is the magnitude of the mean squared error MSE at different K and r.
The algorithm uses the magnitude of mean absolute error (MAE) and root mean square error (RMSE)
as the evaluation index of experimental accuracy, and the smaller the values of MAE and RMSE the
better the experimental results of the algorithm, and MAE and RMSE are calculated as follows.

𝑀𝐴𝐸 =

1
𝑛

𝑥 −𝑥
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RMSE = 1
𝑛

(13)

(𝑥 − 𝑥 )
i=1

Where xi is the true item rating in the test set and is the predicted rating in the test set.
In this paper, the movie recommendation algorithm R-KNNMF is validated by a 5-fold crossover
experiment, and the following experimental results are obtained.
Table 3. MAE and RMSE of the R-KNNMF algorithm under five-fold cross-validation
Evaluate

Fold 1

Fold 2

Fold 3

Fold 4

Fold 5

Mean

Std

RMSE(testset)

0.6338

0.6317

0.6326

0.6337

0.6348

0.6333

0.0011

MAE(testset)

0.4353

0.4340

0.4341

0.4354

0.4359

0.4349

0.0008

Fit time(s)

45.36

54.35

44.53

53.93

51.53

49.94

4.20

time(s)

2.76

2.28

1.99

2.54

2.68

2.45

0.28

With the optimal parameters K=5 and r=2, the magnitudes of MAE and RMSE obtained by the RKNNMF algorithm on the validation set are calculated and their means and standard deviations are
found. The experimental results show that the algorithm performs consistently and best in the results
of several experiments.
The algorithm in this paper (R-KNNMF) is compared with two other algorithms, one is SVD matrix
factorization movie recommendation algorithm (SVDMF) and the other is CNN neural network
movie recommendation algorithm (CNNMF), respectively, on ML-1M dataset. Since the accuracy of
recommendation is affected by matrix sparsity, by slicing the dataset in different proportions, the
sparsity is different, and the comparison results of this model with the other two models under
different sparsity are as follows.
Table 4. The magnitude of RMSE of the three algorithms at different density
Density
SVDMF
CNNMF
R-KNNMF
Improve

0.863
1.0124
0.9845
0.9874
0.29%

Ratio of training set to the entire dataset
0.890
0.913
0.921
0.927
0.9685
0.9683
0.9481
0.9361
0.9745
0.9330
0.9067
0.8897
0.9701
0.9586
0.9441
0.9211
0.44%
2.56%
3.74%
3.14%

0.933
0.9337
0.8726
0.9238
5.12%

0.940
0.9012
0.8521
0.9202
6.81%

The data in Table 4 show that the value of RMSE of the R-KNNMF algorithm is higher than the other
two algorithms with 6.81% improvement in the case of higher sparsity, which shows that the movie
recommendation algorithm with neural network complementation proposed in this paper is more
accurate in the case of sparser rating matrix.
The different values of K in this algorithm affect the accuracy of the final recommendation, and the
R-KNNMF algorithm and the SVDMF,CNNMF algorithm are verified at different K values, as
shown in Figure 4. In this paper, the value of RMSE of algorithm R-KNNMF is always smaller than
that of SVDMF and CNNMF algorithms at different K values, and the value of RMSE is the smallest
when K=5.
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Figure 4.The magnitude of RMSE for three recommendation algorithms with different K values

4. Conclusion and Future Work
The proposed neural network-based K-nearest neighbor matrix factorization algorithm (R-KNNMF)
uses the neural network RBF algorithm to fill in some of the unrated items in the rating data to reduce
the sparsity of the rating data, and then uses the improved KNN algorithm on the filled data to
calculate the neighboring users and neighboring items, which reduces the search space of similar
users and similar items and reduces the irrelevant users and items influence, and finally the clustered
data matrix is decomposed to generate the recommendation results of target users to target items.
Through comparison experiments on MovieLens-1M dataset, the algorithm proposed in this paper
proves that it improves the recommendation accuracy. The areas where this algorithm can be
improved are: 1). It can be further improved in reducing the matrix sparsity to achieve positive
correlation of the filled partial ratings on the result prediction, so that the nearest neighbor matrix
composed when KNN seeks nearest neighbors better explains the prediction of the target user's
preference degree for the target item; 2). The algorithm in this paper is mainly used in offline
scenarios, and real-time recommendations are also particularly important in actual movie
recommendation systems; 3). This algorithm can also be applied on other datasets, such as music
dataset, book dataset, dish dataset, etc., to study the recommendation effect on different datasets.
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