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ABSTRACT 
Natural language processing (NLP) is developing very rapidly in the field of artificial intelligence, and 
has become an important direction in the development of computer science field and artificial 
intelligence industry. In this paper, in order to realize the efficient construction of natural language 
processing model in low-dimensional embedding space, firstly, a word vector learning model is 
constructed based on matrix decomposition for word vectors in natural language processing. On this 
basis, in order to further realize the efficient construction of natural language processing models, this 
paper designs the Semantic Discarding Network (SDN) and Semantic Fusion Alignment Method (SFA) 
for the problem of interfering semantics of the model and the problem of a single way of fusion of local 
inference results. Finally, the SDF-NN natural language processing model is proposed and a multi-view 
subspace clustering (DLTE) method based on deep low-rank tensor embedding is proposed. The 
results of the research experiments show that the average performance index of this paper's word 
vector model for each task in three corpora ranges from 71.55 to 89.11, and the performance is stable 
and the time overhead in the three corpora is 3.93, 7.29, and 13.42 minutes, respectively, and the speed 
of the model has been significantly improved and the overall performance is better. In addition, the 
natural language processing model (SDF-NN) constructed in this paper achieves the best performance 
in the comparison test with strong competitiveness, which further validates the performance of the 
matrix decomposition-based natural language processing model in this paper, and provides the 
method and direction for its efficient construction in low-dimensional embedding space. 
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1. Introduction 

The most important feature of the digital era is that the continuous progress of digital technology and 
new development concepts promote the traditional industrial system to gradually get rid of the 
traditional mode and move towards digitalization [1]. Natural language processing (NLP) technology 
is one of the most representative and pioneering technologies. The increasingly mature natural 
language processing technologies, such as content generation, text detection and emotion recognition, 
promote the emergence of new quality productivity, thus realizing the optimization and upgrading of 
all aspects of social production [2-4]. 

Word embedding, as a core step in solving natural language processing tasks, has received 
increasing attention from researchers in recent years. Its purpose is to convert text data in discrete 
character format into continuous real-valued vectors that can be processed by the model and contain 
rich implicit semantic information, i.e., generating word vectors [5-6]. As the foundation of natural 
language processing tasks, word vectors are the prerequisite for accomplishing all natural language 
processing tasks [7]. In recent years, word vectors have been widely used in a wide variety of natural 
language processing tasks, such as named entity recognition, sentiment analysis, and machine 
translation [8-11]. Word vectors, as a low-dimensional continuous vector represented by words in real 
number space, can capture both semantic and syntactic information of words, and larger unit-level 
vector representations during model processing tasks can be obtained by combining word vectors [12-
15]. Also, since the objects processed by NLP tasks are text data in character format, machine learning 
and deep learning models cannot learn directly from text string inputs [16-17]. Therefore, how to 
convert text data into real-valued vector format that can be processed by the model and embed the 
rich implicit knowledge information contained in the corpus into the generated word vectors is the 
focus and difficulty of the word embedding approach [18-20]. 

Existing methods for learning word vectors can be broadly categorized as neural network based and 
matrix decomposition. Neural network based learning of word vectors involves building a language 
model based on the relationship between the context and the target word, and obtaining the word 
vectors by training the language model.Wadud, M. A. H. et al. showed that pre-trained word embedding 
vectors based on deep learning cannot be applied to all types of natural language processing tasks, and 
thus proposed a local word embedding vector generation process for specific word embedding vectors, 
which, in comparison to the previous one exhibits higher accuracy [21]. AlSurayyi, W. I. et al. compared 
the performance of word vector embedding methods based on different neural network architectures 
in the task of comment sentiment analysis, and significantly improved the accuracy of the model in the 
task of multi-sentiment categorization by converting the comment text into global vector embeddings 
that can be pre-trained [22]. Yao, H. et al. used word embedding and convolutional neural network to 
generate sentence vectors and constructed 3D sentence feature tensor by transforming the word 
vectors in order to solve the semantic dependency problem between words this in English sentence 
similarity computation task [23]. Xiong, Z. et al. introduced the word vector learning strategy of 
continuous document subset optimization and vector combinatorial regression on the basis of 
continuous space language models CBOW and Skip-Gram model, which makes the cosine distance of 
the generated word vectors more reasonable, and shows good performance in grammar and context 
capturing for natural language processing tasks [24]. Liu, B. examined bag-of-words language model 
and deep learning approach in text sentiment analysis task, which utilizes CBOW language model to 
construct text word vectors and capture their semantic features by convolutional neural network to 
achieve accurate sentiment judgment [25]. However, most let the natural processing task of learning 
word vectors based on neural networks shows high accuracy and robustness, but the acquisition of 
effective word vectors is based on training a large-scale text corpus, which undoubtedly increases the 
computational cost. 
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The matrix decomposition-based word vector learning model, which obtains low-dimensional 
continuous word vectors by decomposing matrices extracted from a text corpus, is also widely used in 
natural language processing tasks.Qiu, J. et al. found that all the negative sampling models can be 
unified into a matrix decomposition framework with a closed form, and that the matrix 
decomposition-based word vector embedding model significantly improves the traditional web 
mining task's efficiency [26]. Acharya, A. et al. investigated a word vector compression method for 
natural language processing tasks, compressing the word embedding layer during the training process 
through a low-rank matrix decomposition technique, which effectively reduces the impact on the 
classification accuracy during the sentence classification process [27]. Zhu, Z. et al. evaluated an e-
commerce recommender system based on a matrix decomposition method of rating data, where 
semantic features of textual reviews are input into a probabilistic matrix decomposition model to 
obtain the hidden semantic vectors of users and items, which in turn improves the accuracy of item 
rating prediction [28]. Xie, R. et al. explored the word embedding coding method for automatic word 
semantic prediction, which utilizes matrix decomposition technique to learn the semantic relations 
contained in word vectors, and performs reliable semantic prediction in noise semantics knowledge 
base annotation validation and neologism phrase annotation suggestion [29]. Liu, N. et al. established 
a recommender system based on sentiment analysis and matrix decomposition, constructed a scoring 
matrix integrating user feature matrix and item feature matrix, and quantitatively analyzed the 
sentiment information in the reviews to make the model have good recommendation performance 
[30]. Li, W. et al. added linear constraints into the singular value decomposition model based on word 
co-occurrences, which can flexibly encode both the a priori knowledge of words based on the retained 
semantic and syntactic information as well as compute the categorical data through matrix 
decomposition, which significantly improves the categorization performance of the sentences [31]. 
Therefore, it is necessary to carry out further research on the matrix decomposition-based word 
embedding model for natural language processing and to look forward to its future development 
direction. 

Word vectors play an important role in natural language processing, so this study is oriented to the 
efficient construction of natural language processing models, and firstly proposes a word vector 
learning method (KbEMF) that fuses semantic information, which adds domain knowledge constraint 
terms to the model of matrix decomposition for learning word vectors, so that word vectors obtained 
from pairs of words possessing strong semantic relations are relatively approximated. On this basis, 
Semantic Discarding Network (SDN) and Semantic Fusion Alignment (SFA) methods are designed to 
realize the optimal construction of natural language processing models, and the multi-view subspace 
clustering (DLTE) method based on deep low-rank tensor embeddings is used to further improve its 
constructive effect in low-dimensional embedding space. Finally, the effect of the method model in this 
paper is proved through experiments, and the performance of the model has obvious improvement. 

2. Natural language processing techniques 

2.1. Concepts and Processes of Natural Language Processing 

Natural Language Processing (NLP) is an important research direction in the field of Artificial 
Intelligence and in the field of Computer Science. Its research involves establishing various theories 
and methods that enable effective communication between humans and computers in natural 
language. Natural Language Processing is an area of interaction between computer science, human 
linguistics. Intelligent communication with computers using natural language is a goal that has long 
been pursued in research. Because it has important theoretical significance and very obvious practical 
significance. People can use computers with their common and habitual language without spending 
extra time and energy to learn various complicated computer languages. People can also further 
explore the mechanism of human language and intelligence through this research. 
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Natural language processing mainly studies the theoretical methods and applications to realize 
effective communication between human and computer in natural language, and the natural language 
processing process is shown in Figure 1. The data of language is called corpus, and feature engineering 
refers to the processing of converting natural language into feature vectors of words (referred to as 
word vectors), because words are the smallest unit that represents semantics in natural language. The 
goodness of word vectors directly determines the high performance of the task model, so feature 
engineering is a crucial step, for which constructing and training a model for word vectors is the 
optimal solution. 

Corpus Data preprocessing Feature Engineering

Practical
 applications

Evaluation, 
Optimization

Constructing, 
training task models

 

Fig. 1. General process of NLP 

2.2. Word Vector 

The translation of a natural language understanding problem into a machine learning problem 
requires the conversion of human-recognizable characters into computer-recognizable mathematical 
symbols. Thus, the concept of “word vectors” is introduced when used for natural language processing 
problems. In NLP, the most commonly used word representation is the intuitive One-hot 
Representation, which represents each word as a vector with certain dimensions, where only one 
dimension is 1 and the rest of the dimensions are 0. This One-hot Representation uses sparse coding 
for storage, which is very simple, but there is an important problem. This One-hot Representation uses 
sparse coding for storage, which is very simple, but there is an important problem, that is, the 
phenomenon of “lexical gap” will occur. That is to say, when words are based on this kind of 
representation, it is impossible to find the correlation between words, and the vector representation 
between any two words is isolated. Therefore, the word vectors used in natural language processing 
models are not One-hot Representation, but Distributed Representation, which is a kind of low-
dimensional real vectors. Simply put, a word vector is a low-dimensional continuous vector of words 
in real number space, which can capture both semantic and syntactic information of words. The 
biggest contribution of this representation of word vectors is to make word vectors have distance 
properties to reflect the correlation or similarity between words. Nowadays, there are many libraries 
of trained word vectors, which can be directly applied to neural network models dealing with natural 
language problems in recent years, word vectors have been widely used in a variety of natural language 
processing tasks, such as named entity recognition, sentiment analysis, and machine translation. 
Vector representations at a larger unit level (e.g., phrases, sentences, paragraphs, chapters) are often 
required in processing the above tasks, and these vectors can be obtained by combining word vectors. 
Therefore it is very important to learn good quality word vectors. 

3. Word vector modeling for natural language processing 

As the smallest unit to represent semantics in natural language, the goodness of word vectors directly 
determines the performance of the task model. Therefore, to effectively realize the efficient 
construction of natural language processing model in low-dimensional embedding space, this paper is 
first oriented to natural language processing and uses matrix decomposition to realize the 
optimization of word vector model. 
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3.1. Matrix decomposition 

Before studying word vector models based on matrix decomposition, this section first provides an 
introduction to matrix decomposition. Matrix decomposition is usually the decomposition of an 
original high-dimensional matrix into the product of several relatively low-dimensional matrices. This 
enables high-dimensional data to obtain a low-dimensional data representation, which facilitates high-
dimensional data processing. The non-negative matrix decomposition, on the other hand, is to add 
non-negative restrictions on the basis of matrix decomposition, usually into two non-negative low-
dimensional matrices, generally of the form: 

 , 0, 0V W H W H     (1) 

where m nV R  , m kW R  , k nH R  , and also requires that the elements of W , H  are greater than 
0. H  is called the weight matrix, W  is called the basis matrix, and the original matrix V  can be 
viewed as a non-negative weighted sum of the basis matrices. Non-negative matrix factorization is an 
unsupervised learning algorithm, the idea of the algorithm is to use the product of two non-negative 
matrices to approximate the original matrix, which can achieve the purpose of matrix dimensionality 
reduction. Non-negative matrix decomposition is widely used in many fields, such as image processing, 
semantic recognition, and feature selection. 

The conceptual decomposition of a matrix is an extension of the nonnegative matrix decomposition, 
and the basic form is: 

 , 0, 0TX XWH W H    (2) 

In fact, it is also a form of matrix factorization, which decomposes the original matrix X  into the 
product of three matrices: X , W  and H , where W  is called the correlation matrix, which forms a 
certain "concept" by weighting the original matrix, and H   is called the encoded matrix, which is 
approximated by the weighted sum of the "concepts" constructed by W , which is also the origin of the 
"concept" decomposition. In solving matrices W  and H , it is necessary to transform the conceptual 
decomposition of matrices into an optimization problem, and then solve W  and H  by solving the 
optimization problem. Conceptual decomposition of matrices is called a generalization of nonnegative 
matrix decomposition because it does not require the original matrix to be nonnegative, so it has a 
wider range of applicability than nonnegative matrix decomposition. 

3.2. Matrix Decomposition Word Vector Learning Model with Fused Semantic Information 

Existing word vector learning methods utilize the contextual information of a word to predict the 
meaning of that word, and make words with similar contextual information have similar meanings, so 
the corresponding word vectors are closer in spatial distance. However, the acquisition of effective 
word vectors is based on training a large-scale text corpus, which undoubtedly makes the 
computational cost high. Moreover, in the process of learning word vectors, only the text corpus 
information is used, but the semantic information between words is ignored, which makes it difficult 
to guarantee the quality of the obtained word vectors. For this reason, this paper considers extracting 
semantic information from the domain knowledge base and integrating it into the process of word 
vector learning, which is corrected by the rich semantic information of the knowledge base, and 
proposes the KbEMF model, which is based on matrix decomposition to learn word vectors. Its EMF 
model (Eclipse Modeling Framework) as a framework to add domain knowledge constraints, so that 
word pairs with strong semantic relations are closer to the learned word vectors in the real number 
space, that is, more approximate. 

3.2.1. Extracting semantic information and constructing a semantic matrix. In this paper, we choose 
Word Net as an a priori knowledge base.Word Net is a wide-coverage semantic network of English 
vocabulary, which organizes words with the same meaning into synonym sets, each of which 
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represents a basic semantic concept, and which are also connected by various relations (e.g., whole-
part relations, context relations). 

In this paper, we construct a semantic relation matrix V VS R   based on the set of synonyms and 
the relational words between the sets, and each element  ,ij i jS S w w  of it indicates the semantic 

correlation between the i  th word iw   and the j  th word jw   in the vocabulary V  . If 0ijS   

indicates that words iw  and jw  are not semantically related, and vice versa 0ijS   indicates that 

words iw   and jw   are related. For simplicity, in this paper, the semantic relation matrix S   is 

constructed as a 0-1 matrix, and if words iw  and jw  have the above semantic relation then order 

1ijS  , otherwise 0ijS  . 

3.2.2. Modeling semantic constraints. In this paper, we construct the semantic constraint model 
based on the premise that word pairs with semantic relevance iw , jw  learned word vectors are more 

similar and have closer distances in the real number space, and in this paper, we adopt the Euclidean 
distance of the vectors as a scale to measure the degree of similarity of the word pairs, i.e., 

  2
,i j i jd w w w w  . Therefore, the semantic constraint model can be expressed as follows: 
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 (3) 

The final resulting semantic constraint model is: 

   2T
row colR tr W S S S W    (4) 

where  tr   denotes the trace of the matrix, iS  denotes the sum of all element values of row i  of 

the semantic matrix S , i.e., the sum of row i  of S . jS  denotes the sum of all element values of 

column j  of semantic matrix S , i.e., the sum of column j  of S . rowS  denotes the diagonal matrix 

with iS  as the value of the diagonal element, and colS  denotes the diagonal matrix with jS  as the 

value of the diagonal element. 

3.2.3. Model Fusion. The semantic constraint model R  is combined with EMF to obtain the matrix 
decomposition word vector learning model KbEMF that incorporates semantic information: 

 
 

  

ln

2

T T
w

w w

X c wT T

w V X S

T
row col

O tr X C W e

tr W S S S W



 

 
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 

  

 
 (5) 

Eq.    is the semantic combination weight, which indicates the weight size of the semantic 
constraint model in the joint model.   plays an important role in the word vector learning process, 
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and setting this parameter too small will weaken the influence of a priori knowledge on word vector 
learning, and if it is too large, it will destroy the generality of word vector learning, which is not 
conducive to the learning of word vectors in either case. The goal of the model is to minimize the 
objective function O  , and the variable alternation iteration strategy is used to find the optimal 
solution. When 0   indicates that no semantic information is fused, it is an EMF model. 

3.2.4. Model solving. The objective function, i.e., Eq. (5) is not a joint convex function with respect to 
C  and W , but it is a convex function with respect to C  or W . Therefore, in this paper, we adopt the 
variable alternating iterative optimization strategy widely used in matrix decomposition to ϐind the 
optimal solution of the model. The partial derivatives are obtained for C  and W  respectively: 

  | T

T

X C W

O
E X X W

C


 


 (6) 
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. The optimized update strategy in this paper is: 

    | T

T

X C W
W W C E X X L L W         (8) 

  | TW

T

X C
C C E X X W       (9) 

In a loop first iteratively update W   until the objective function O   converges on W  , and then 
iteratively update C   so that the objective function O   converges on C   again, and then the loop 
ends, and so on until the final objective function converges on both C  and W . 

4. Natural language processing models based on matrix decomposition 

4.1. Natural Language Processing Optimization Model Construction 

On the basis of the matrix decomposition word vector model in this paper, in order to further optimize 
the construction of the natural language processing model, this paper constructs a natural language 
processing optimization model based on deep learning. Recurrent Neural Network (RNN), Long Short-
Term Memory Network (LSTM), Convolutional Neural Network (CNN) are currently the most 
commonly used models for deep learning in natural language processing. To address the problem of 
interference semantics prevalent in the existing models, Semantic Discard Network (SDN) is designed 
to autonomously discard some of the interference semantics during training. Aiming at the problem of 
a single fusion method for local inference results, Semantic Fusion Alignment (SFA) is designed to fuse 
local inference results in a more reasonable and effective way. Finally, the SDF-NN model, a semantic 
entailment relation inference model containing the above two novel components, is proposed. 

This paper is based on proposing a complete semantic implication relation inference model SDF-NN 
(Semantic Droppingand Fusion Neural Network) based on the decomposition attention mechanism, 
which can fully reflect the effectiveness of Semantic Dropping Networks (SDN) and Semantic Fusion 
Alignment methods (SFA). The overall framework of the model is shown in Figure 2. The model has 
four steps like the previous decomposition-based attention model: encoding, attention, comparison 
and aggregation. The model differs in that SDN is applied in the comparison step and SFA in the 
aggregation step. Assume two sentences  1, , ma a a    and  1, , nb b b   , a   is a word vector 
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representation of a premise of length m , and b  is a word vector representation of a hypothesis of 
length n . We assume that ia , d

jb R , and d  are the dimensions of the word vectors. The goal is to 

predict the label y   to determine the relationship between a   and b  , y   which can be neutral, 
contradictory, or entailed. 

Oh S

Op TΣ

softm
ax

Smax

Tmax

G

G

G

G

g

Σ

G

G

G

G

g

encoding
b h

a p

E

β

α

attention SDN SFA

biLSTM

self-alignment

biLSTM

ˆ
pO

ˆ
hO

 

Fig. 2. SDF-NN structure 

1) Sentence encoding. First, two sentences are input into each of the two directions in a temporal order 
LSTM . The output of each hidden layer is used as the encoded representation of the word vectors of 
the corresponding inputs: 
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 (10) 
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1, , r n

nH h h R     are the outputs of the hidden layer of 

biLSTM. r  is the number of neurons in the hidden layer.The formula for the LSTM model is given 
below: 
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 (11) 

ia  and jb , respectively, are sequentially inputted into the model based on the time series t  as tx . 

LSTM utilizes a memory block consisting of an input gate ti , a forget gate tf , an output gate to , and 

a memory cell tc  to produce a hidden layer output th . Meanwhile, encoding using biLSTM is more 

efficient than LSTM encoding. That is, the sentence is forward encoded and then reverse encoded, and 
each word will have two corresponding hidden layer outputs th


 and th


, which are concatenated and 

spliced in series as the final encoded form of the word. 
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2) Attention mechanism. We use the attention framework in the paper by Parikh et al. to construct 
aligned text pairs. First, the encoded matrices of the two sentences are multiplied to obtain an un-
normalized attention matrix: 

 T
ij i je p h  (12) 

Here m n
ije E    is the attention weight of each element in the attention representing the 

corresponding encoded word. The attention matrix is then normalized by rows and columns 
respectively: 
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 (13) 

Normalized by rows to j  , and by columns to i  . 2r
j R    is the subfragment of P   that is 

aligned with jh , a recoded representation of P  based on the distribution of attention in jh , for each 

word in P  . 2r
i R    is the subfragment in H  , which is aligned with ip   and is a recoded 

representation of pair H  based on the distribution of attention in ip  for each word in H .  ,j jh  

and  ,i ip  are referred to as aligned text pairs. 

3) Semantic Discard Network (SDN). In the “Comparison” phase, the purpose of discarding interfering 
information is realized by the SDN network. The local inference results pO  and hO  are obtained by 

aligning the text pairs accordingly and feeding them into the Semantic Discarding Network (SDN) after 
obtaining each aligned text pair. 

4) Semantic Fusion Alignment Approach (SFA). Finally, we align the relevant local inference results by 
applying mutual attention to local inference results r m

pO R    and r n
hO R    obtained by the SFA 

method, and in the aggregation phase, we align the relevant local inference results by applying mutual 
attention to these local inference results to obtain inference-aligned representations ˆ r m

pO R   and 
ˆ r n
hO R   . These self-aligned representations contain not only the information about the local 

inference results themselves, but also the relevant linkages to the information about the other local 
inference based on the attentional weights. The ϐinal vector for prediction is obtained from these 
semantically aligned representations and the original local inference result 4 rV R . V  is fed into 
the ϐinal classiϐication feed-forward neural network, which has only one layer of feed-forward, uses a 
softmax classiϐication function, and outputs three categories. During training, the category with the 
largest output weight is used as the prediction. 4 3r

sW R   is a weight matrix: 

  max T
sy soft W V  (14) 

4.2. DLTE-based spatial embedding methods 

In natural processing models, most methods have difficulty in learning accurate low-dimensional 
embedding representations when the input high-dimensional data exhibit complex nonlinear 
relationships. Second, most methods only consider the global structure of the potential embedding 
space without mining the higher-order correlations of different views in the potential embedding 
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space. Finally, most methods only consider capturing the structure of manifolds without considering 
the optimal manifolds. To this end, this paper proposes a novel multi-view subspace clustering (DLTE) 
method based on deep low-rank tensor embedding. 

The framework of DLTE is shown in Fig. 3, and the method integrates deep NMF into the multi-view 
subspace clustering framework. It can effectively utilize the complex nonlinear relationships of high-
dimensional data in the original space and learn better deep embedding representations. In addition, 
weighted low-rank tensor constraints are utilized to capture the global structure and higher-order 
correlations of different views in the deep embedding space. In addition, the optimal flow shape is 
mined by the optimal graph Laplacian operator. 

Weighted low-rank 
tensor constraints

Data matrix
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Fig. 3. DLTE framework 

The goal of the DLTE method is to mine the deep embedding space based on multi-view subspace 
clustering of the potential embedding space, and in the deep embedding space, to further mine the 
global structure and local geometric structure. 

Notation and related definitions: 
To enhance the readability of this chapter, this subsection gives the notation and related definitions 

used in this chapter. Specifically, for tensor Z , matrix Z  and vector z  are denoted using special 
letters, uppercase letters and lowercase letters, respectively. For tensor Z  , it is denoted by the F-

paradigm 
2

, ,

( , , )
F

i j k

z i j k Z , where ( , , )z i j k  denotes the ( , , )i j k th element of tensor Z . The 

k th positive slice of tensor Z  is denoted as ( )kZ . The fast Fourier transform  FFT  of tensor Z  

along the third dimension is denoted as ( ,[],3)fftZ Z . Similarly, Z  can be obtained by the inverse 

fast Fourier transform, i.e., ( ,[],3)ifftZ Z . The block vectorization of Z  and its inverse are denoted 

as    3(1); ; nbvec Z Z   Z   and   bvfold bcirc Z Z  , respectively. The block cyclic matrix 

 bcirc Z  consisting of ( )kZ  is denoted as follows: 

  

 

   

3

3 3

(1) (2)

(2) (1) (3)

1 (1)

n

n n

Z Z Z

Z Z Z
bcirc

Z Z Z

 
 
   
 
  





   



Z  (15) 
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Multi-view subspace clustering based on deep embedding: 

Let  (1) (2), , , VX X X X      denote a set of multiview data with V   different views, where the 

data matrix of the V rd view is denoted as    vv d nX  . Based on the existing work, they assumed 
that the input data is extracted from a low-dimensional embedding space, where good experimental 
performance proves its effectiveness. They utilize matrix decomposition to obtain a cleaner potential 
embedding space, which effectively avoids the effects of noise and outliers in the high-dimensional 
data and thus improves the clustering results. However, they only considered the negative effects of 
noise and outliers while ignoring the complex nonlinear relationships of the data. Inspired by ODD-
NMF, deep NMF can capture the complex nonlinear relationships of data well. Therefore, deep NMF is 
integrated into the multi-view subspace clustering framework with the following objective function 
formula: 

      

             

   

2 2

1
, , 1

min

. . 0, 0

v v v
i i

v
v v v v v v v

m m m m
F FW H Z v

v v
i i

X W W H H H Z

s tW H




   

 


 (16) 

where 1( ) i il lv
iW     denotes is the base matrix of the i rd layer of the v nd view, here 1, ,i m   and 

if i I   then 
 

1( )
1

Vd lvW   , l   and il   denote the layer size vector and the dimension of the i  th 

layer, respectively, ( ) il nv
iH    denotes the depth embedded representation of the i th layer of the v

th view, ( )v
mH  denotes the coefficient matrix of the last layer of the v th view, ( )v n nZ   denotes the 

self-represented coefficient matrix of the v  th view, 
F

   denotes the F    paradigm, and    is a 

balance parameter. 
Weighted low-rank tensor constraints: 
Most of the previous multi-view subspace clustering algorithms utilize the kernel-paradigm 

constraints to mine the global structural information in the potential embedding space. Moreover, they 
only study the pairwise correlations of different views in the potential embedding space, while the 
higher-rank correlations of different views are often ignored, which leads to suboptimal results. 

To address the above issues, this subsection introduces weighted low-rank tensor constraints to 
explore the global structural information while capturing the higher-order correlations of different 
views. Therefore, based on the existing work and equations, the weighted low-rank tensor constraint 
is formulated as follows: 

 
 

 
1 21 min ,

( )

,
1 1

n nn
k

i i
k i

Z





 

 Z  (17) 

where n V n Z  denotes a tensor, where its dimension is obtained by rotating the transformation 
from n n V  , ( )kZ  denotes the i th frontal slice of Z , and i  denotes the weights of  ( )k

i Z . 

By   the a priori knowledge of the matrix singular values can be fully taken into account. Due to 
V n , the number of elements in the weighting vector   is related to the number of views V . 

Most of the existing multi-view subspace clustering methods based on latent embedding fail to fully 
exploit the local structural information, which is crucial for the performance of data clustering. As 
described in existing work, when two data points are close to each other in the original data space, 
they also remain close in the mapped low-dimensional potential space. Here, this subsection treats 
 1 2, , , nZ Z Z  as n  graph nodes, constructs the graph and mines the local geometric structure using 

the graph Laplacian operator, which can be formulated as: 

      2

, 1

n
T T T

i j ij
i j

Z Z M Tr Z DZ Tr Z MZ Tr Z LZ


     (18) 
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where  Tr    denotes the trace operator function of the matrix, L D M    denotes the Laplace 

matrix, and here M  and D  denote the similarity and diagonal matrices, 
1

n

ii ij
j

D M


  respectively. 

With the existing work, it can be observed that the data of different views are extracted from 
different manifolds. Therefore, the above graph Laplacian operator will lead to sub-optimal clustering 
performance. Therefore optimal manifolds are to be used, where the common manifold is considered 
as the optimal manifold. opL  can be obtained in the form of graph regularization, which is defined as: 

 op op opL D M   (19) 

where  n nop
op iiD d


  denotes a diagonal matrix whose each element is computed as 

1

n
op op
ii ij

j

d m


 , 

and opM   denotes the optimal similarity matrix, which can be defined by taking the minimum 

similarity value of all views as follows: 

    ( )

1
, min

n nop op v
op ij ij ij v V

M m m m



 


 (20) 

where  ( ) ( ) n nv n n v
ijM m

   is the adjacency matrix of view v , which is generated by using the k-

nearest neighbor (KNN) algorithm. Then, the adjacency matrix ( )vM  is defined as follows: 

 
   ( ) ( ) ( ) ( )

( )

0

v k v v k v
ij i j j iv

ij

sim ifX X orX X
m

otherwise

   


N N
 (21) 

where ( )v
iX   and ( )v

jX   denote the i  th and j  th samples of the v  rd data matrix 
( )( ) Nv d nX   

respectively, where ( )vd  denotes the dimension of the v th view data,  ( )k v
iXN  denotes the set of 

k   nearest neighbors of ( )v
iX  , and ijsim   denotes the similarity between ( )v

iX   and ( )v
jX  . Similarity 

can be measured by different algorithms such as heat kernel, binary, cosine and dot product. 
opL  is the Laplace matrix with the most similar manifold common to all views. Then, to ensure that 

the self-representation coefficient matrix of each view in the deep embedding space respects the new 
optimal manifold, the optimal graph regularization formula can be defined as follows: 

    ( ) ( )min Trr

v T v
opZ

Z L Z  (22) 

5. Analysis of the effect of natural language processing models based on matrix 
decomposition 

5.1. Matrix Decomposition Word Vector Model Experimental Results 

In this paper, the experiments are conducted on three English corpora of different sizes such as 
enwiki9, WebBase, and Common Crawl (CC). After preprocessing, the vocabularies of the three corpora 
are 56466, 277704, and 400000, respectively.In this paper, a context window of size 10 is used to 
compute to get the context co-occurrence matrix of words. In order to evaluate the quality of the word 
vector model, this paper conducts experiments on several different evaluation tasks, i.e., word 
similarity task, downstream natural language processing tasks (text categorization task and named 
entity recognition task). In the experiments, the KbEMF method proposed in this paper is mainly 
compared with word vectors based on matrix factorization of global co-occurrence information (MF), 
Word2vec, log-bilinear regression model based on global co-occurrence information (GloVe), Fasttext, 
and Koan, and the number of dimensions of all word vectors in the experiments is set to 300. 
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5.1.1. Word Vector Quality and Effectiveness Analysis. Taking the experimental results of each model 
in the three corpora, the results of the word quality review comparison are shown in Table 1. From the 
table it can be seen that the average performance index of this paper's model on each task in the three 
corpora ranges from 71.55 to 89.11. The entity naming task Conll has the best performance, and the 
performance of the performance on Conll is improved by 0.30 to 1.48 compared to other methods, 
which indicates that the performance of the word vectors obtained through the word vector method 
of this paper is stable and the overall performance of the model is better. 

Table 1. Comparison results of word quality evaluation 

Method model 
Word similarity Classification task Named entity task 

MEN WS353 SST 5AG Conll BTC 

GloVe 70.52 67.45 80.31 87.61 87.92 72.13 

Word2vec 75.23 70.09 80.24 86.72 87.63 71.34 

Fasttext 74.16 66.93 81.73 87.95 88.75 71.78 

Koan 74.66 67.72 82.45 88.93 88.71 72.50 

MF 75.35 71.47 79.73 87.72 88.81 72.17 

Ours 75.48 71.55 80.11 88.48 89.11 72.58 

 
In order to evaluate the computational efficiency of each method model in learning word vectors, 

this paper counts the time overhead and computational resources of all the methods in three different 
sizes of corpora, and the comparison of the time overhead of word vector processing is shown in Table 
2. In terms of computation time this paper's method and MF have a big advantage over other methods 
such as Word2vec, GloVe, Fasttext and Koan. The time overhead of this paper's method in the three 
corpora is 3.93, 7.29 and 13.42 minutes, respectively, which still has a certain advantage compared to 
the good hair MF, and the speed of the model has been significantly improved. The above experiments 
fully confirm the better performance of this paper's model, while increasing to improve the learning 
efficiency of word vectors. 

Table 2. The time cost comparison of word vector processing 

Method 
Training corpus 

enwiki9 (0.1B) WebBase (3B) CC (6B) 

GloVe 45.72mins×10Cc 182.84mins×10Cc 270.43mins×10Cc 

Word2vec 59.53mins×20Cc 1211.43mins×20Cc 2369.80mins×20Cc 

Fasttext 67.46mins×20Cc 1843.67mins×20Cc 3419.36mins×20Cc 

Koan 32.42mins×10Cc 874.19mins×10Cc 1490.29mins×10Cc 

MF 13.31mins×1Cc 67.65mins×1Cc 153.88mins×1Cc 

Ours 3.93mins×1Cc 7.29mins×1Cc 13.42mins×1Cc 

5.1.2. Analysis of Matrix Sampling Methods. In order to explore the effect of sampling size k on the 
performance of the word vectors obtained from the model and the computation time, this paper 
conducts exploratory experiments on sampling size k on three corpora. To evaluate the performance 
of the extracted word vectors, this paper uses a representative benchmark score (similarity task MEN) 
to measure the performance gain. The trend of the model evaluation scores versus computation time 
is shown in Fig. 4, from which it can be found that to achieve at least 98% of the performance of the 
MF method, the sampling size of this paper's method requires only 40,000, 50,000, and 50,000 on 
enwik9, WebBase, and on CC, respectively, which is about 71%, 18%, and about 13% of the size of the 
original information matrix. As the size of the original information matrix increases, the proportion of 
the model of this paper's method that needs to be sampled gradually decreases. This indicates that the 
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method in this paper has a greater computational efϐiciency advantage when word vectors at larger 
word list sizes. 

 

Fig. 4. Model measurement score and calculation time change trend 

5.2. Performance Analysis of Natural Language Processing Models 

In order to further verify the performance of the natural language processing model based on matrix 
decomposition in this paper, the Stanford parser is chosen for the experiments in this chapter. The 
diverse language model officially provided by Stanford can support syntactic parsing in English, 
Chinese and other languages. The English corpus uses the International Semantic Evaluation Contest 
Text Semantic Similarity Task dataset. Due to the variability of the sample sources of the datasets 
included in the STS task in different years, the average Pearson's coefficient of each dataset is used 
here as the final index.The STS task, as a widely used English text semantic similarity dataset in the 
international world, with sentence pairs of samples covering a number of different domains, is able to 
fully validate the ability of the generalization of the FPBR model on samples from different domains. 
Considering the intuitiveness of the data, all Pearson correlation coefficients in the experimental 
results of this paper are enlarged 100 times by default. Two types of comparison baselines are chosen 
for the experiments in this chapter, word vector-based weighting model and neural network model. 
The two main types of word vector weighting models are TF-IDF and SIF. The selected comparison 
neural network models include CNN, RNN, LSTM, ST, QT and InferSent. The experimental results of the 
English text of the model are shown in Fig. 5, and the experimental results show that InferSent has 
good performance on each dataset, which are all above 55, proving that InferSent is an excellent 
baseline model. And the method in this paper has the best performance on all datasets. The 
performance of STS-13 and STS-14 tasks is improved by 3.3 and 2.4 over other optimal performances, 
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respectively, and the performance of this paper's model is much better, showing quite good 
competitiveness. 

 

Fig. 5. Model English text experiment results 

The natural language processing model in this paper utilizes matrix decomposition to construct a 
word vector model as a basis, emphasizing that each word is intrinsically linked as a syntactic 
component in the whole sentence, and when the sentence length is larger, the corresponding syntactic 
structure becomes more complex, and the overall effect of the model improves more obviously. In 
order to verify this property, this paper draws 200 samples from the Chinese and English datasets 
according to different lengths for experiments, under the condition that other parameters are 
consistent. The effect of sample length on model performance is shown in Figure 6, from which the 
results show that sentence length is basically positively correlated with various performance 
indicators. 
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Fig. 6. The effect of sample length on model performance 

To further validate the performance of the model in this paper, the model in this paper is compared 
with some neural network models, and the baseline models include CNN, RNN, LSTM, ST, QT, and 
InferSent. Considering that the samples of the various datasets of the STS-16 task are on the low side, 
this subsection uses the 11 datasets provided by STS-14 and STS-15, which involve many domains 
such as news, forums, images, etc., which can fully test the generalization of the FPBR model in 
different domains. The results of model comparison are shown in Fig. 7. From the results of the 
comparison experiments, we can see that QT and InferSent, as the best current sentence embedding 
techniques, both achieve the best performance on 5 datasets in total, and their performance on other 
datasets is also quite stable. InferSent learns generalized sentence embedding expressions using the 
SNLI dataset, which proves that the supervised model of a single task can be free from inductive 
favoritism and succeed in the field of generic text expressions. Unlike InferSent, QT is an unsupervised 
model, according to the given target sentence and several contexts, the model needs to select 
reasonable contexts among the given multiple utterances, and the whole selection process can also be 
regarded as the approximate generation process of contexts, which improves the quality of the 
sentence representations learned by the model. And the model in this paper outperforms the 
comparison baseline on more than half of the datasets, and the effect improves significantly on the 
14'OnWN, 14'Tweet-news, and 15'Ans.-forum datasets by 2.85, 3.53, and 2.41, respectively. The 
performance of the model in this paper is further validated. 
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Fig. 7. Model comparison results 

6. Conclusion 

The development of natural language processing technology provides a more comprehensive 
understanding of the processing method, this study for the natural language processing model in the 
low-dimensional embedding space of the efficient construction of the problem, starting from the word 
vector, constructed based on the matrix decomposition of the word vector learning model. The 
goodness of word vectors determines the performance effect of natural language processing models, 
and the word vector learning model constructed in this paper can improve the quality of word vectors 
and the model time overhead in a more comprehensive way. In the experiments, the average 
performance index of the word vector model in this paper ranges from 71.55 to 89.11, and the overall 
performance is good. Among them, the entity naming task Conll has the best performance, which is 
improved by 0.30~1.48 compared with the performance of other methods, and the speed of the model 
has been significantly improved, which increases the learning efficiency of word vectors. In addition, 
the sampling amount of the word vector model in this paper only needs 40,000~50,000, and the 
proportion of the model that needs to be sampled is gradually reduced, which has a greater advantage 
when it comes to word vectors in a larger word list size. 

Based on this, this paper constructs the best performance of the natural language processing model 
(SDF-NN) on each dataset. It improves the performance over the other best by 3.3 and 2.4 in STS-13 
and STS-14 tasks. And the sentence length of the model is basically positively correlated with each 
performance index, indicating that the larger the sentence length is, the more obvious the overall effect 
of the model is improved. In addition, through the comparison with other models, it is found that the 
performance of this paper's model is better on most of the datasets, which further validates the 
performance of this paper's model and demonstrates a high degree of competitiveness. 
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