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ABSTRACT

The tag, text, and other multiple auxiliary information are acquired in the social networks. The multi-source auxiliary informa-

tion is heterogeneous information. A large amount of heterogeneous information would result in extremely difficult to analyze.

This paper proposes a deep learning network for multi-heterogeneous information processing. The main idea of the our deep

learning network is threefold: (1) using tensor decomposition algorithms to process standard encoded data; (2) mining poten-

tial factor from heterogeneous data using multi-layer learning networks. Symmetric non-negative potential factor optimization

algorithm can effectively predict the missing values of high dimensional sparse data; (3) adaptive moment estimation optimiza-

tion algorithm is used to replace the traditional first-order optimization algorithm for stochastic gradient descent(SGD) process.

The aggregation of heterogeneous data is essentially a minimization problem of multiple parameters. The rate of the model

convergence can be improved by adaptive moment estimation in the training stage. Simultaneously, it can solve the problem

of parameter optimization of large-scale data and processing of non-stationary targets. Finally, experimental results on public

vaildation datasets are given to verigy the effectiveness of our proposed blend network.

Please note: Abbreviations should be introduced at the first mention in the main text no abbreviations lists. Suggested

structure of main text (not enforced) is provided below.

1 Introduction

Currently, recommender system is a very active area of research which has a wide range of applications in industry. For

example, literature1 introduces the related technologies and improved algorithms of existing recommendation systems. In this

section, the recommendation algorithms used by several advanced recommender systems related to the work of this paper

will be analyzed, and the problems existing in the current research on recommender systems will be briefly described. In the

social network, these information usually comprise a huge amount of entities object2, 3, where each object has a undirected

relationship denoting special non-negative feature. However primarily to great difficulties in obtaining complete relationships

between each object, these object information contain much missing information, described by high-dimensional, symmetric

and spares tensor4, 5. For example, recommender systems consisting of quite a few nodes can be a typical tensor, where

each pair tag denotes the non-negateve relative distance between each elements6. In spite of the extreme sparsity in these

tensor, they contain rich attribute information with a variety of mode, such as the preference information of user and the

tag information of item in the recommender system. If reliable predictions for the missing data based on the few known

information, it is a important method for extract the interactive relationship features between entities tensor data7.

The main elements of the social tagging system used in the recommendation system include User, Item, Tag,which de-

fined as: Y = (U, I,T,S) U is User; I is Item; T is Tag; S is the interaction between the User, Item and Tag S ∈ U × I ×T 8.

However, current recommendation algorithms9 mostly study the relationship between User and Item, such as matrix factor-

ization model. Matrix decomposition can effectively explore the corresponding features of User and Item and the potential

relationship between them. Therefore, in the standard matrix model, the recommendation task can be abstractly expressed as

the process of parsing two User-Item matrices with partial default values. Therefore, although the current recommendation



algorithm has good practicability, it cannot directly deal with the three-dimensional relationship of the social tagging system.

In order to use the tag information of tags to improve the performance of the recommendation system, Symeonidis et al.10

first proposed to complete the high-dimensional data in the form of tensors, and obtained the prediction score through the

tensor decomposition algorithm. And Rendle et al.11 improved it and proposed the PITF (Pairwise Interaction Tensor Fac-

torization) algorithm. The algorithm is a Tucker decomposition with special linear time complexity, which mainly considers

the interaction between pairs of third-order data, and has better performance in recommendation performance. In addition,

to solve the model training problem, the selection of optimization algorithm is different from the traditional algorithm. The

additive gradient descent(AGD) optimization algorithm is a widely method in deep learning owing to its easy manipulation12.

As introducted by Luo et al.5, for an symmetric, high-dimensional, and sparse (SHiDS) matrices, the computational cost of

the non-negative latent factor model with AGD is only dependent on linear manner. In spite of the AGD algorithm enjoys

a low computation cost, it suffers from a low convergence rate because it easily traps into the local optimum13. To tackle

this problem12, 14, the stochastic gradient descent(SGD) algorithm and its variants like mini-batch gradient descent(MBGD)

algorithm have been proposed, which main idea is to stochastically select a mini part of instances at each training stage until

it reaches the convergence13. In order to deal with a large amount of heterogeneous data, an improved Adam optimization

algorithm is used in this paper. A large amount of heterogeneous multi-source data is processed through the fusion of the two

networks.

From the research above, it can be concluded that most traditional recommendation algorithms use shallower models for

prediction, and still rely on a lot of manual intervention during feature extraction, so it is difficult to effectively learn the

deep implicit representation between users and items. Moreover, the traditional recommendation algorithm assumes that user

interests and item attributes are statically related, which does not conform to the current complex and changeable actual sit-

uation. By integrating multi-source heterogeneous data, such as social relations, user information, item attributes and tags

and other auxiliary information, deep learning models can effectively learn more abstract and higher-dimensional users, items

to be recommended and tags. At the same time, the multi-layer neural network structure model can also more effectively

extract the nonlinear structural features of the interaction between users and items15. Compared with the deep learning model,

the traditional recommendation16 method has the advantages of simple implementation and strong interpretability of the pre-

diction results. Therefore, combining deep learning with existing traditional recommendation algorithms can integrate the

advantages of both algorithms. In order to verify the hybrid recommendation algorithm proposed in this paper, two movie

datasets, Movielens-1M and Nexfix-3M are used for training, and the performance is compared with related recommendation

algorithms to verify that the performance of the hybrid recommendation algorithm precises better in the social tag recommen-

dation system.

2 Hybrid recommendation based on tensor decomposition and deep learning

There are corresponding advantages and disadvantages for any single recommendation algorithm, and by integrating different

recommendation algorithms to obtain mixed recommendation results, it can show better performance. The usual mixing mech-

anisms are roughly divided into three types, namely pre-fusion, mid-fusion, and post-fusion. In this paper, the post-fusion

mixing strategy is used to combine the recommendation results generated by the two recommendation algorithms, tensor de-

composition and deep learning, with weighted mixing, cascade and feature combination to produce the final recommendation

results

To improve the recommendation effect, tensor decomposition and deep learning models are mixed. As shown in Figure

1, this model is composed of two parts, tensor decomposition and deep learning. They correspond to two different inputs

respectively. The input of the tensor decomposition part is the scoring data, and the input of the deep learning part is the

auxiliary data information corresponding to the third order of users, items and labels. The two parts are trained to give scores

or corresponding features respectively, and then the results of the two parts are mixed to obtain a comprehensive score.
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Figure 1. Schematic diagram of tensor decomposition and deep learning hybrid recommendation model

3 Tensor decomposition part

The tensor decomposition part belongs to the factorization machine9, which learns the interaction between higher-order data

by decomposing and reorganizing the dataset. The traditional collaborative filtering calculates the similarity between the

features as the recommendation basis, but the effect is poor when the data set is extremely sparse. The use of the factorization

machine model can effectively obtain the relationship between the features. Compared with Collaborative filtering algorithm

has a certain improvement. Theoretically, the factorization machine can learn the interaction relationship between higher-order

features, but due to the limitation of the data set, this paper only deals with the third-order feature relationship, which is called

the internal relationship between users, items and labels.

3.1 Tensor Decomposition Algorithm
Yi jk represents the target tensor, Xi jk representing the approximate representation tensor of the target tensor.

Yi jk ≈ Xi jk (1)

The tensor decomposition model used in this paper is the Tucker decomposition model, which is a high-order principal

component analysis method, which decomposes a target tensor into the form of a core tensor and a product of three matrices.

The decomposition model as follow:

Yi jk ≈
P

∑
p=1

Q

∑
q=1

R

∑
r=1

UipTjqIkrSi jk (2)

Among them, Uip, Tjq and Ikr are three decomposition matrices (usually orthogonal matrices), generally defined as princi-

pal components in each dimension.Si jk is the core tensor, representing the underlying interrelationships in each dimension.

The error calculation of tensor decomposition is expressed by the difference between the target tensor and the approximate

tensor. In order to prevent overfitting, a regular term is added, and the loss function is expressed by formula (2):

L = argmin∑
i jk

(y+ i jk− (si jk × eut
i × eti

j × eiu
k ))

2 +λ |eut
i + eti

j + eiu
k | (3)
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eut
i , eti

j and eiu
k are the feature implicit factors in the three decomposition matrices respectively. Si jk is the core tensor. λ is

the normalization coefficient.

As shown in the tensor decomposition part in Figure 1, the scoring data in the dataset is decomposed by tensor, and the

corresponding feature factors are extracted. Then, the feature factors obtained by the decomposition operation are input into

the fully connected layer for recombination to obtain the prediction score of the tensor part. The calculation formula is shown

in formula (3):

yT D = Relu(wT
U SUser

u ,wT
I SItem

i ,wT
L S

Tag
l |wU ,wI ,wL) (4)

In the formula(3), SUser
u , SItem

i and S
Tag
l are correspond to the three characteristic factors of users, items and labels, respec-

tively. wT
U , wI

I and wT
L are the weights of users, objects and labels, respectively. Relu is used as the activation function for the

fully connected layer undergoing reorganization.

3.2 Tensor decomposition partial prediction score

As shown in Figure 2, the deep learning part processes multi-source heterogeneous auxiliary information such as user infor-

mation, movie tag information and movie title information. Among them, the user information and movie tags are structured

text data using a recurrent neural network to extract features, and the movie name information is textual information, so a text

convolution network is used to extract features. Then input the movie label feature extracted by the recurrent neural network

and the movie name feature extracted by the text convolutional network into the secondary fully connected layer to obtain the

movie feature, and finally match the user feature with the movie feature to give the prediction score of the deep learning part.

Figure 2. Part of the flow chart of deep learning

4 Deep Learning Part

The deep learning part is based on recurrent neural networks. First, these sparse and high-dimensional raw data are converted

into low-dimensional, dense real-valued vectors through an embedding layer. Then the value in the low-dimensional dense

embedding layer vector is passed to the hidden layer, and each hidden layer is updated according to formula (4):

a(l+1) = f (W (l)a(l)+b(l)) (5)

In the above formula, f is the activation function, L is the number of hidden layers. W (l), a(l) and b(l) are the weight value,

input value and bias of the corresponding level of the model, respectively.
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4.1 Recurrent Neural Networks

The construction of the recurrent neural network is shown in Figure 2. The recurrent neural network is used to extract struc-

tured information such as user information and movie genres. User data and movie type data are passed into the embedding

layer for preprocessing. The processing of movie types requires an additional preprocessing step, because a movie may corre-

spond to multiple movie types, and the embedding matrix will index an n-dimensional matrix, so the matrix must be summed

and turned into a one-dimensional vector.

User feature processing uses a single set of fully connected layers for feature extraction to obtain user feature hu
i . The

calculation method is as formula (5):

hu
i = f (wia

(l)+bl) (6)

In the above formula, wi is the weight value of the user network layer "l". a(l) is the input value. b(l) is the bias and f is

the activation function.

The movie type and movie name processing share a set of fully connected layers. First, the movie type features are

extracted through the fully connected layer, and then the movie name features extracted from the convolutional network are

input into the secondary fully connected layer to obtain the complete movie features. Calculate The way is as formula (6):

a(t) = f (wkat−1) (7)

In the above formula, wk is the weight value of the "t-1" layer of the user network. a is the input value. b is the bias, and

f is the activation function.

The movie genre feature and movie name feature Pk are input into the secondary fully connected layer to obtain movie

features hm
j . The calculation method is as formula (7):

hm
j = f (w j(a

(t)+Pk)+b(b)) (8)

In the above formula, w j is the weight value of the user network layer "t" . a is the input value. b is the bias. f is the

activation function. Pk is obtained by formula (9). After obtaining the features of the user and the movie, the two features are

matched to obtain the predicted score, which will be described in detail in Section 4.3.

4.2 Text Convolutional Neural Network Model

The movie name information contains many keywords with movie attribute categories, such as "war", "comedy", "suspense",

etc. These names play an important role in the judgment of movie attributes. However, these text information is unstructured

data and cannot be processed directly. It needs to be converted into word vectors through Word2vec, and then embedded into

the network structure, so that each movie name has a unique identifier vector, so as to complete the preprocessing of movie

name information. Then, the preprocessed identifier vector is combined with the convolutional neural network to extract the

feature information of the movie name.

The construction of the convolutional neural network model is shown in Figure 3. The first layer of the network is the word

embedding layer, which consists of an embedding matrix composed of each processed word vector. The second layer is the

convolution layer, which uses multiple feature extractors of different sizes (window sizes) to perform convolution operations

on the embedding matrix. The window size refers to the number of words covered by the feature extractor each time. The

extractor in this paper covers 3 to 5 words each time, and performs feature extraction on the information to be input in the

word embedding layer. The third layer is the pooling layer, which extracts the maximum value of the feature values generated

by each feature extractor in the upper layer to achieve representative feature extraction, and finally inputs the fully connected

layer to generate the feature of the movie name.

In Natural Language Processing (NLP) tasks, the input words are expressed using the word embedding layer. we assuming

that Xi ∈ Rn is the corresponding sentence information in the n-dimensional word vector, its form is expressed as formula (8):

X1:n = x1 ⊕ x2 ⊕ ...⊕ xn (9)

In the formula, ⊕ is the concatenation operator. Usually, Xi:i+n is equivalent to concatenating the i to i+n words, and then

expressing the corresponding sentence in this form to complete the preliminary processing of the phonetic information. With

this arrangement, one-dimensional text content can be transformed into a two-dimensional matrix data structure. Then set the
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Figure 3. Schematic diagram of convolutional neural networks for sentence

number of feature extractors and determine the size of the feature extractor window as k. The processed text information is

sequentially collected to generate new features. The expression function of the feature Pk in Xk:k+n as follow:

Pk = f (WXk:k+n +b) (10)

In this paper, we use the hyperbolic tangent function as a nonlinear function of f . b is the bias.

Feature matching between user features and movie features

User and movie feature matching is shown in Figure (2). Through feature matching, the user features and movie features

given by the front-layer network are integrated to give the prediction score of the deep learning part. In the experiment, the

user part features and movie part features obtained in the previous section are input into the fully connected layer, and then

the classification function Softmax is used to obtain the predicted score probability value. The formula for calculating the

prediction score of the deep learning part is:

P(y|x) = So f tmax(wT
Userh

u
i +wT

Moviehm
j +b)

yDeep = argmaxP(y|x)
(11)

In the above formula, yDeep is the rating level, corresponding to 1-5 rating levels respectively, P(y|x) is the probability

value of each predicted rating level, wT
Userh

u
i and wt

Moviehm
j are the product of user features and movie features and their

corresponding model weight values, and b is the bias. Finally, the rating level corresponding to the highest P(y|x) probability

is taken as the predicted rating of the depth part, which denoted as yDeep.

5 Tensor Decomposition and Deep Learning Hybrid

The hybrid model of tensor decomposition and deep learning is a complex mechanism. This paper uses three hybrid mecha-

nisms to mix tensor decomposition and deep learning results respectively.

Weighted Mixing: The prediction scores of the two parts are added together to obtain a global prediction score. The

formula is as follows:

yScore =W (yT D + yDeep)+b (12)
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In the formula above, yscore ∈ (0,5] is the global score of the system given by method 1, W is the weight, and b is the bias.

This method is the most simple and convenient when analyzing multivariate models. Not only can the function be predicted

and derived, but the results can also be tested for residuals to verify the accuracy of the model. However, the assumptions

of this model are strict, and it is necessary to analyze all the independent variables that cause the change of the dependent

variable. Otherwise, the diversity of influencing factors and the unmeasurability of some factors will limit the weighted model

in some cases, resulting in poor performance.

Cascading: The scores of the two parts are added and passed to the secondary fully-connected layer, and each parameter

is feature-matched through the corresponding activation function in the new first-level fully-connected layer to give the final

prediction score. The prediction model is as follows:

yScore = f (s1)

s1 = w1yT D +w2yDeep +b
(13)

In the formula, yscore ∈ (0,5] is the global score of the system, and f is the activation function. This paper uses two

activation functions (Relu function and So f t plus function).

Relu activation function: The full name of Rectified linear unit (Relu) is one of the common activation functions in neural

networks. The function formula is as follows:

f (s1) =

{

s1, s1 ≥ 0

0, Otherwise.
(14)

s1 in the formula is calculated in the formula above, the activation function can simplify the calculation, improve the oper-

ation speed, and the derivative does not contain complex mathematical operations. When the input is positive, the derivative

is not zero and gradient learning can be performed. Since the scoring input of this model is greater than or equal to zero, it

will not enter the negative input area of the Relu function to avoid the weight update being hindered.

So f t plus activation function: So f t plus is an alternative to Relu, which can be regarded as the output range of Relu smooth

function (0,∞), and the function formula is as follows:

f (s1) = ln(1+ es1) (15)

As can be seen from the formula, the derivative of So f t plus is continuous and non-zero, which can prevent the silencing of

neurons. However, the function is not centered at zero, and the derivative may be less than 1 result in the gradient disappears.

Feature combination: This method is different from the above two methods. In this method, multiple decomposition

matrices and hidden layer features of deep learning are directly fused. The features are directly calculated as shown in Figure

(4), and then the probability of occurrence corresponding to the five scoring levels is obtained through the Softmax hierarchical

function. The model is as follows:

P(y|x) = so f tmax(W T s2 +b)

s2 = eu
i × et

j × ei
k ×Si jk +hu

i ×hm
j

yScore = argmaxP(y|x)

(16)

In the formula, W is the weight and b is the bias. yscore ∈ (0,5], corresponding to 1-5 scoring levels respectively, and the

scoring level with the largest occurrence probability is selected as the global score, denoted as yscore. Then take the logarithm

of the value P(y|x) to calculate the Softmax loss. Calculated as follows:

Loss =−logP(y|x) (17)
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Figure 4. Schematic diagram of feature combined with blending mechanism

6 Experimental results

The experimental environment of this paper is Python3 in Anaconda, TensorFlow creates the entire algorithm data flow graph

for the underlying network framework, and builds a deep learning network to extract features from the user, movie name and

movie tag datasets. Then use the Tensorly toolkit to implement the Tucker decomposition of the dataset. Movielens and

Netflix datasets were used in experiment.

The dataset is randomly divided into the test set and the training set according to the proportion, and then the evaluation

and verification are completed according to the cross-validation principle. A total of 16,000 iterations of training are carried

out in 5 Epochs. Each Epoch is 3109 and 777 batches respectively, and the result is output every 20 iterations. The calculation

result of the loss is shown in Figure 5

6.1 Comparison of hybrid mechanisms between tensor decomposition and deep learning

In order to quantitatively compare the mixing mechanisms used by various recommender systems, this section will exper-

imentally compare the three mixing mechanisms introduced above with three benchmark models. The Movielens-1M and

Netfix-3M datasets are respectively used

As shown in Table (1) and Table (2), using the feature combination mechanism performs better on all four evaluation

methods and using two datasets. For example, when using the Netfix3M dataset, using the feature combination mechanism

improves the MRR performance by 3.47% and the MAP performance by 3.56% compared with the other three baseline

algorithms. Compared with the first two cascaded and weighted hybrid methods, the MRR is improved by 1.03%, and the

MAP performance is improved by 1.09%. The model can effectively integrate the tensor decomposition and the relevant

features learned by the deep learning model, and use the classification function to generate the probability of the five grades

that the user may give to a certain movie. score. The first two hybrid mechanisms directly integrate the two parts of the score,

and will give a score that does not conform to the scoring data set, so the given score will inevitably have errors. Therefore,

the feature combination mechanism is similar to rounding the score, so that the generated predicted value is more in line with
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Figure 5. Visualization results of model training loss values

Table 1. Movie recommendation results (Movielens-1M)

Methods Precision@5 NDCG@5 MRR MAP

BPR 0.2664 0.2761 0.4324 0.3549

PRFM 0.2699 0.2894 0.4484 0.3885

LambdaFM 0.2953 0.3117 0.4611 0.4014

Weight Hybrid 0.2624 0.2735 0.4463 0.3902

Cascade+Relu 0.2753 0.2851 0.4457 0.4015

Cascade+Softplus 0.2903 0.2865 0.4573 0.4056

Feature Fusion 0.3086 0.2978 0.4645 0.4132

the actual real score value, thereby improving the performance of the entire recommendation result.

6.2 Performance Comparison of Tensor Deep Mixed Model and Single Model

In order to study the performance of the model in movie recommendation, this paper extracts and draws the loss value

generated during the model training process. As shown in Figure (6), the tensor decomposition model performs the worst in

terms of accuracy and convergence speed in sparse datasets. The deep learning model tends to be stable after a large amount

of data training, and the convergence speed is the fastest. After synthesizing tensor and depth, the hybrid model reduces the

error by 41.1% compared with deep learning, so the hybrid model has a certain improvement in accuracy and convergence

speed compared with the other two independent models.

6.3 Comparison of Tensor Deep Hybrid Recommendation Model and Traditional Recommendation Algo-

rithms
In the comparative experiment, the performance of the traditional recommendation algorithm in the extremely sparse dataset

such as Movielens-1M is compared, and the evaluation index is MAE. It can be seen from Table 3 that the loss value of the

tensor depth mixture model is the lowest, which is 2.8% smaller than that of the SVD model, and 34.0% smaller than that

of the User CF. Therefore, when the tensor depth mixture model and the mainstream recommendation algorithm model are

trained with the same dataset, the error of the mixture model is lower, and the recommended results are more accurate.

6.4 Comparison of Tensor Deep Hybrid Recommendation Model and Other Advanced Hybrid Recommen-

dation Models

As shown in Table (4), the other four comparison models selected in this experiment all use the commercial data set based on

CTR prediction, the number of training samples exceeds 50 billion, and through the online practical and post-debugging of a

large number of users, so in The performance of AUC and Logloss is slightly better than that of the hybrid recommendation

model in this paper (the Wide & Deep17 model performs better on the acquisition line, which is 2.9% higher than the AUC of

the local test). The performance of the model proposed in this paper is lower than that of DeepFM18 model, the AUC area is

reduced by 0.57%, and the Logloss error is increased by 3.01%. Both models use a factorization machine to reduce manual

intervention, and are trained end-to-end to integrate the results of the two parts to improve prediction accuracy. Therefore,

based on the existing model, later research can not only improve by increasing the scale of the dataset and the number of

iterations, but also introduce a CTR prediction mechanism to enrich user behavior information and further improve the model.
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Table 2. Movie recommendation results (Netfix-3M)

Methods Precision@5 NDCG@5 MRR MAP

BPR 0.2548 0.2576 0.3829 0.3484

PRFM 0.2645 0.2575 0.4022 0.3712

LambdaFM 0.2984 0.2993 0.4316 0.4043

Weight Hybrid 0.2832 0.2735 0.4257 0.3904

Cascade+Relu 0.2793 0.2804 0.4268 0.4022

Cascade+Softplus 0.2802 0.2857 0.4375 0.4056

Feature Fusion 0.2905 0.2879 0.4403 0.4103

Figure 6. Comparison of loss value between single recommendation and hybrid recommendation

Table 3. Comparison of error between traditional recommendation algorithm and tensor & deep learning blending model

Methods MAE

Item CF 0.2548

User CF 0.2645

Slope One 0.2984

KNN(k=5) 0.2832

SVD 0.2793

Our Method 0.2802

Table 4. Performance comparison between advanced hybrid recommendation model and tensor & deep learning blending

model

Methods AUC Logloss

LR & DNN 0.8673 0.02634

FM & DNN 0.8661 0.02640

DeepFM 0.8715 0.02618

Wide& Deep 0.7280 –

Our Method 0.8665 0.02697
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7 Conclusion

Data in social tagging systems is extremely sparse and missing. Although the tensor form can completely represent the

relationship between the three in the labeling system, and give the corresponding recommendation results. However, the per-

formance in extremely sparse datasets is poor and the accuracy is not high, so a deep learning network is introduced to extract

direct features from auxiliary information through deep learning to make up for the shortcomings of a single recommendation

algorithm.

Through the above several sets of experiments and the performance on the two datasets, it can be shown that the hybrid

recommendation algorithm based on tensor decomposition and deep learning proposed in this paper has strong performance,

and the integration of tensor decomposition model and deep learning network is also effective. Has strong robustness.
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