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Abstract. Recommender system is widely used in e-commerce, news consult-
ing, social networking, tourism, film, music and other fields because it can effec-
tively deal with the problem of information overload. According to the practical
problems in the recommendation system, various recommendation algorithms are
produced. Traditional recommendation algorithms are divided into content-based
recommendation, collaborative filtering based recommendation and hybrid rec-
ommendation. Collaborative filtering algorithms are favored because they can
extract and process relevant information features to accurately predict user prefer-
ences. However, collaborative filtering algorithms generally have problems such
as sparse data, cold start and data scalability. This paper presents the Associ-
ated Residual Matrix Factorization (ARMF) model, which can solve the common
cold start problem and improve the recommended performance. The model uses
associative residual neural networks (ARNs) to model higher-order interactions
between the user and the underlying features of the item and to avoid network layer
gradients exploding or disappearing and overfitting problems. In order to verify the
validity and correctness of the model, this paper conducts tests on Movielens100k
andMovielens10M datasets, and the experimental results show that the prediction
results are 17%~ 23% better than other comparison algorithms.
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1 Introduction

With the rapid development of information technology, data is constantly iterated and
expanded, and there aremore andmore application software based on data, which is very
dependent on data [1]. The problem of “Information Overload” occurs when software
can no longer handle the growing amount of data [2]. It is the key to solve the problem
of “information overload” that how to find out the important information data to meet
the demand in the massive data. Recommendation System (RS) [3, 4] can effectively
filter information data and help users retrieve information that meets their needs in a
personalized way [5], thus alleviating the problem of information overload. The core of
the recommendation system is the recommendation algorithm. The traditional.
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recommendation algorithm is divided into three categories: content-based recom-
mendation, collaborative filtering recommendation and hybrid recommendation. The
content-based recommendation system takes the user history record as reference, min-
ing the relationship between unknown record and known record to make recommen-
dation. The recommendation system based on Collaborative Filtering (CF) is based on
the preferences of similar users as a reference, mining the correlation between different
users’ preferences, and recommending possible favorite items for users with high corre-
lation. Based on hybrid recommendation is based on both content recommendation and
collaborative filtering recommendation.

Collaborative filtering algorithm is a common recommendation algorithm in the rec-
ommendation system. Among many collaborative filtering based recommendation algo-
rithms, matrix decomposition algorithm [6] has become the most common collaborative
filtering recommendation algorithm due to its simplicity and ease of implementation.
Compared with other collaborative filtering algorithms, matrix decomposition algorithm
can effectively solve the data sparsity problem. The user ratingmatrix is decomposed into
user potential relationship matrix and item potential relationship matrix, that is, users
and items are mapped into the shared potential feature vector space, and the relationship
between users and items is expressed through the inner product betweenmapping vectors
[7, 8]. In order to further improve the performance of the algorithm, many researchers
have improved it. Badrul et al. [9] proposed a singular value decomposition (SVD) algo-
rithm to learn the feature matrix, but SVD algorithm is easy to overfit. Later, Pan et al.
proposed a regularized least squares optimization algorithm WR-MF with case weights
[10]. The overfitting problem of the model is solved. Considering the asymmetric simi-
larity between items, literature [11] proposes to perform matrix decomposition through
trust perception to improve the accuracy of the recommendation system. Literature [12]
and [13] respectively proposed to use the relationship between items and item attributes
to perform matrix decomposition and an asymmetric similarity method among users
to perform matrix decomposition, so as to achieve the recommended effect. However,
these algorithms adopt the simple inner product method to construct the relationship
between users and items, which may not be enough to effectively express the nonlinear
relationship between features.

In order to solve the nonlinear problem of the model, the researchers introduced
human Deep Neural Networks (DNN) for feature extraction. He et al. [14] introduced
neural networks on the basis of Generalized Matrix Factorization (GMF). On the basis
of MF, the full connection layer of neural network is added to the model to give the
model the ability to learn the nonlinear relationship between users and items, and to
improve the model expression ability. However, single-layer neural networks are not
effective at capturing higher-order interactions between users and items that contain
richer information. To solve this problem, Tian et al. [15] proposed a Deep Matrix
Factorization model (DMF) combining deep neural network and matrix factorization
technology. DMF adds multiple hidden layers after the fully connected layer of the
neural network to model high-level interactions between users and items.

Based on the high order interaction characteristic that deep neural networks can build
models, adding multiple hidden layers to different models has become a research craze.
TheVGGmodelwas proposed by theVisual GeometryGroup ofOxfordUniversity [16].
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The model increases the network layer to 19 layers for the first time, and successfully
improves the accuracy of image recognition. However, the accuracy of the network
may decrease as the number of layers of the network increases. In deep learning, the
increase in the number of network layers is generally accompanied by three major
problems: computing resource consumption, easy overfitting of models, and gradient
disappearance/gradient explosion.

In order to solve the above problems, the Associated Residual Matrix Factorization
(ARMF)model is proposed in this paper. Different from the traditional residual network,
the ARMF model retains the features of the previous layer network, adds the output of
the current hidden layer, adjusts the number of neurons between the front and back layers
by using biased weights, and iterates to obtain the final output.

The main contributions of this paper are as follows:

(1) Put forward the ARMFmodel, establish the high-order nonlinear relationship of the
potential relationship between users and items, solve the overfitting of the model
and the problem of gradient explosion or gradient disappearance during training,
and improve the accuracy of recommendation.

(2) The biased weight is proposed to adjust the number of neurons between different
layers, so as to solve the problem that the residual calculation cannot be constructed
due to the different number of neurons in the network layer.

(3) The model algorithm is applied to movie recommendation to recommend more
favorite movies for users.

2 ARMF

2.1 Problem Definition

The main task of recommendation algorithm is to recommend interesting items for users
according to the characteristic information of users and items. Assume that the user set
U = {u1, u2, u3, . . . ., uM }, item set I = {i1, i2, i3, . . . .,N }, M is the total number of
users, N is the number of items. The raw Rating matrix RatingM×N represents the actual
rating given to the item by the user. Given that user u ∈ U and item i ∈ I , if user u
does not score item i, we need to extract the characteristic information of the potential
relationship between user and item according to the existing scoring information in the
actual scoring matrix RM×N , and then restore the new scoring matrix bymeans of matrix
inner product to predict the user’s score on the item.

As for the general formula of recommendation algorithm, Huang et al. [17] gave the
following definition:

∀u ∈ U , i
′
u = argmax

i∈I S(u, i) (1)

In formula (1),U is a set of users, and u represents a certain user; I indicates a set of
items, and i indicates an item. S(·) represents the recommendation algorithm, and iu′’
represents the item i of interest to user u.
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2.2 ARMF Model

In order to build a higher-order nonlinear relationship between users and item potential
relationship features and store the previous layer of user or item potential relationship
features, this paper proposes an associated residual matrix decomposition model, the
framework of which is shown in Fig. 1.

Fig. 1. ARMF Model

The framework ismainly composed of 5 parts: Input (Input Layer), user-itemEmbed-
ding (User, item embedding Layer), GMF, Associated Residual Network (ARN Layer),
Output (Output Layer). The Input layer decomposes the original score matrix of the data
set through matrix decomposition technology, so as to obtain the feature matrix of the
potential relationship between users and items. Then on the user-item Embedding layer,
the one-hot coding technology is used to extract the Latent FeatureVector of eachUser or
item from the latent feature matrix of the User and the Item respectively, that is, the User
Latent Feature Vector. Item Latent Feature Vector. In the GMF layer, each user interacts
fully with the underlying characteristics of the item. The principle is: the product of the
corresponding elements of the user’s potential feature vector and the item’s potential
feature vector. The Associated Residual Network layer uses the improved residual neu-
ral network to iteratively train the potential relationship between the user and the item,
thereby establishing the higher-order nonlinear relationship between the user and the
item and preventing gradient explosion or gradient disappearance in the model. Finally,
a user’s predicted rating of the item is obtained in the output layer. Each layer of the
model framework is detailed below.

(1) Input layer. The raw ratingmatrix of the user’s rating of the item.Amatrix of rows
M columns N is obtained by preprocessing the scores of the users in the data set. Where
M represents the number of users and N represents the number of items. The potential
feature matrix of users and items is obtained by matrix decomposition technique. The
calculation formula (2) and (3) is as follows:

User_inputM×K = MF(Rating) (2)
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Item_inputN×K = MF(Rating) (3)

Where, MF stands for Matrix Factorization;User_inputM×K and Item_inputN×K repre-
sent user and item potential feature matrices, respectively. Rating represents the original
rating matrix.

(2) user-item Embedding (Embedding Layer). In order to get the feature vector
implied by each user and item, one-hot coding technique is used in this layer. The poten-
tial feature vectors user_vectori(i=1 ~M), item_vectorj(j=1 ~ N )for each user and item
are extracted from User_inputM×K and Item_inputN×K respectively. The calculation
formula (4) and (5) are as follows:

user_vectori = User_OneHoti · User_inputM×K (4)

item_vectorj = Item_OneHotj · Item_inputN×K (5)

Where, user_vectori represents the potential eigenvector of the i th user; item_vectorj
represents the potential eigenvector of the j th item;User_OneHoti Indicates the one-Hot
code of the i th user. Item_OneHotj represents the one-Hot encoding of the j th item (as
shown in Fig. 2).

Fig. 2. User and item one-hot encoding.

(3) GMF layer. In this paper, Generalized Matrix Factorization (GMF) is used to
establish the interaction between users and the underlying features of the item. Multiply
the potential eigenvector user_vectori and item_vectorj on the user-item Embedding
layer to obtain the K-dimensional vector, as shown in formula (6):

UIGMF = ϕ
(
user_vectori, item_vectorj

) = user_vectori � item_vectorj (6)

Here, � denotes the multiplication of the corresponding bits of user_vectori and
item_vectorj.

(4)AssociatedResidualNetwork (ARN). This layer uses an improved residual neural
network to establish higher-order nonlinear relationships between user and itempotential
relationship features. Deep neural networks have very good performance in information
feature extraction, so they are often used in classification and regression tasks. How-
ever, as the number of layers of the neural network increases, there may be a problem
of gradient disappearance or explosion due to gradient accumulation. The associated
residual neural network in the model in this paper adds the feature information of the
previous layer to each hidden layer, which is used to prevent the model from overfitting
and gradient explosion or gradient disappearance. In addition, in order to ensure that
the information features of each hidden layer are equal to those of the previous layer,
the associated residual network integrates the output results of the previous layer with
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Fig. 3. ARes-Net

a biased weight to adjust the matching of the information features of the current layer
and the previous layer. The structure is detailed in Fig. 3.

H0 = X

f1(H0,W1) = H0 · W1

· · ·
fL(HL−1,WL) = HL−1 · WL + W ′

L−1 · HL−2

HL = PReLu(L)

(7)

Formula (7) is the calculation process of forward propagation of the associated residual
network layer. Where H0 represents the initial input, which is UIGMF. fL(HL−1,WL)

(or fL) represents the output of the L-hidden layer neurons, HL−1 represents the output
result of the L-1 hidden layer through the activation function PReLU, andWL represents
the weight matrix of the L-1 hidden layer. WL−1′ represents the bias matrix of the L-1
layer (the default value is 1), in order to regulate the number of neurons in the previous
layer, and to store the information characteristics of the previous layer. This article
uses PreLU [18] as the activation function for each hidden layer. Compared with other
activation functions such as sigmod and ReLU, PReLU designs a learnable parameter
for the negative semi-axis on the basis of ReLU, which makes the model have better
fitting ability and reduces the risk of model overfitting.

(5) Output layer. This layer obtains the prediction result r’ of the user for the item.
The calculation is as in Eq. (8):

r′ = ARN (UIGMF) = HL (8)

HL is the output result of ARN layer. UIGMF is the output result of the GMF layer,
which is the input of the ARN layer.
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In order to optimize the ARMF model, this paper uses the mean square error loss
function with added regularization to train the model. The calculation is given in Eq. (9)

Loss = 1

Num

Num∑

i=1

(R − r)2 (9)

Where Num represents the actual rating of the item by the user; R is the user’s actual
rating of the item.

3 Experimental

In this paper, the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE)
are used to verify the feasibility and effectiveness of the model on two public datasets
in the movie field, Movielens100 K and Movielens1M.

3.1 The Dataset

The Movielens dataset collects the ratings of users to movies in a wide range of movie
fields, mainly including user and movie ids, movie attributes, user ratings to movies, etc.
In this paper, the public datasets Movielens100K and Movielens1M are used to train the
model and analyze the model performance.

• The Movielens100K dataset contains 100,000 ratings (1–5) from 943 users for 1,682
items. Each user rated at least 20 movies.

• TheMovielens10Mdataset contains 10,000209 ratings (ratings 1–5) from6,040 users
for 3,952 items. Each user rated at least 20 movies.

3.2 Evaluation Indicators

Among many offline metrics of recommender systems, Root Mean Square Error (MSE)
and Mean Absolute error (RMAE) are two commonly used evaluation metrics. Both
are measures of the difference between the predicted value and the actual value, and
they are used to assess how well the model fits the given data. In this paper, the above
two evaluation metrics are used to evaluate the performance of the ARMF model. The
calculation is given in Eqs. (10) and (11):

RMSE =
√√√√ 1

T

T∑

i=1

(R − r)2 (10)

MAE = 1

T

T∑

i=1

|R − r| (11)

Where T resents the user’s rating of the item in the test set; R is the actual rating the user
gave the item. r denotes the score predicted by the model.
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3.3 Comparison Experiment and Parameter Setting

In this paper, the scoring matrix in the data set is divided into the training set and the
test set according to the ratio of 8:2, and the evaluation indicators RMSE and MAE
are used to evaluate the performance of the model. In order to verify the accuracy
of the recommendation, this paper selects SVD + +, NMF and NCF as comparison
experiments.

The ARMF model in this paper only needs to input the user’s rating matrix for
the item, and no other information features will be introduced. Experimental parameter
setting: Adam optimizer was used as the model trainer. Three hidden layers (number
of neurons: 100, 200, 10) were selected for the correlation residual network. The bias
weight valueW ′ in the residual network is 1. The activation function is PReLU. Batch-
Norm was added between the output of each layer of the network and the activation
function to normalize the data. The normalization method was used to adjust the data
gap of the actual scoring matrix and the model prediction input. The learning rate lr for
model training is set to 0.1.

3.4 Analysis of Experimental Results

In order to verify the influence of the bias weightW ′ in the associated residual network
on the performance of the model. In the experiment, W ′ pairs were adjusted on the
dataset Movielens100K. When W ′ is less than or equal to 0.01, RMSE is 0.2413 and
MAE is 0.1985.WhenW ′ is between 0.01 and 1, RMSE andMAE increase.WhenW ′ is
1, RMSE is 0.7659 and MAE is 0.7195.W ′ was fixed as 1, and the values of RMSE and
MAE fluctuated around 0.1 after multiple experiments. Table 1 shows the relationship
between the value of W ′ and the performance of the model.

Table 1. Values of W ′

W ′ RMSE MAE

0.01 0.2413 0.1985

1 0.7659 0.7195

In this paper, SVD + +, NMF [19], NCF and Constrained Bayesian Probabilistic
Matrix Factorization (CBPMF) [20] algorithms are used to conduct comparative experi-
ments on the data setsMovielens100K andMovielens1M respectively. The experimental
results are shown in Table 2. It is known from Table 2 that the improved method in this
paper is significantly better than other algorithms on the dataset movielens100K. In par-
ticular, the RMSE of movielens100K is improved by at least 17% compared with other
algorithms.
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Table 2. Results of each method on different datasets

Methods Movielens100K Movielens1M

RMSE MAE RMSE MAE

SVD + + 0.9146 0.6617 0.8720 0.6980

NMF 1.0136 4.1686 0.9321 1.2163

NCF 0.9234 0.7265 0.9242 0.7310

CBPMF 0.8530 0.8033 0.8533 0.8087

ARMF 0.7659 0.7195 0.9121 0.7012

4 Conclusion

Matrix factorization techniques applied to recommender systems can simply extract the
implicit relationship features between users and items from the given user-item explicit
relationship matrix (rating matrix). These implicit relationship features become impor-
tant indirect conditions for mining users ‘preferences. However, in order to solve the
cold start and sparsity problems of the recommendation system, the simple inner product
method of the implicit relationship feature matrix (latent relationship matrix) between
users and items cannot construct the high-order interaction relationship between users
and items. The application of deep learning technology can solve the problem of high-
order interaction. Neural networks, for example, extract deep features by mapping raw
input data into high-dimensional or low-dimensional feature Spaces. Finally, nonlinear
activation functions are used to improve the expression ability of the network.

However, with the increase of the number of layers, the neural network may have
the problem of gradient disappearance or gradient explosion during backpropagation
training, which leads to the degradation of model performance. To solve this problem,
the residual network adds a residual part to the original direct feature mapping, so
that the model always retains a residual term (residual part) in the process of direction
propagation, so as to prevent the gradient from exploding or disappearing.

In this paper, an adjustment bias term is designed according to the idea of dimen-
sionality reduction of the number of neurons in the traditional residual network. The
bias term adjusts the number of neurons in the current layer and the previous layer by
inner product with the output of the previous layer, so as to achieve the purpose of the
residual.

However, this paper only considers the potential relationship characteristics between
users and items, and does not add more diverse feature information, such as the relation-
ship between users, the relationship between items, the dynamic rating of users and so
on. These will be important directions that can be studied in the future.
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