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Abstract 

With the exploration of deep learning in the field of natural language processing,the word 
vector technology represented by word2vec and the neural network model represented by 
CNN and LSTM have been widely used in text sentiment analysis. In the sentence-level text 
sentiment analysis task,the traditional convolutional neural network lacks of effective 
attention to word order information,and ignores the influence of word order information on 
the accuracy of sentiment analysis.In order to solve this problem,this paper uses 
Paragraph2vec to obtain the paragraph vector of the sentence,which contains important 
information such as the subject and word order of the sentence.The paragraph vector was 
connected with the word vector trained by the skip-gram model to get the sentence vector 
as the input to the convolutional neural network.Experiments show that in the sentence-
level text sentiment analysis, the model has a further improvement in accuracy compared to 
the benchmark models. 
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1. Introduction 

Sentiment analysis, as one of the main tasks of natural language processing, also known as opinion 

mining,is the analysis of people's opinions, emotions, assessments, attitudes, and evaluations on 

products, problems, events, topics, and so on [1].With the deepening of sentiment analysis research, 

its research methods gradually form three mainstream methods: methods based on emotional 

dictionary and rule, machine learning and deep learning. The first two methods rely on manual design, 

and the results are deeply influenced by artificial prior knowledge, lacking wide adaptability, and not 

easy to promote. However, deep learning has no such drawbacks, and with deep learning shine in 
terms of image, audio, video and so on, more and more scholars have migrated it to the study of 

natural language processing, and achieved good results. Therefore, deep learning has become a 

popular research method for solving text sentiment analysis. 

There are two important parts to using deep learning for sentiment analysis: word vector and neural 

network classification model.Word vectors can be divided into discrete representations and 

distributed representations according to the coding method.Discrete representations have the 
disadvantages of lack of word order, space consumption, and lack of inter-word relations. Therefore, 

the word vectors mentioned in the deep learning method mostly refer to distributed 

representation.Word2vec is one of the most widely used word vector learning tools proposed by 

Google's Mikolov in 2013 [2]. Word2vec uses a neural network to train the language model of 

thinking, which is essentially a simplified neural network to remove the hidden layer.However, 

Word2vec ignores the influence of word order on sentiment analysis, so Quoc V.Le and T.Mikolov 
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proposed a method for processing variable length text to improve this problem, which was called 

Paragraph2vec[3]. The only difference between Paragraph2vec and Word2vec is that the paragraph 

vector is added. The paragraph vector is shared in the whole paragraph. It records the missing 

information in the current context, which solves the problem of lack of word order information in the 

word2vec, while retaining the advantages of word2vec.In the choice of neural network model, RNN 

and CNN are two models commonly used in sentiment analysis. RNN is the earliest model to break 

through in sentiment analysis tasks. RNN is a continuous structure that can preserve the historical 

information of sentences. However, in sentiment analysis tasks, phrases with obvious emotional 
colors have a critical impact on classification results. The CNN model that extracts local features is 

better at solving such tasks. 

This paper uses Paragraph2vec-based convolutional neural network model to solve the problem of 

sentence-level text sentiment analysis. Firstly, we divide the corpus into sentences, input the 

Paragraph2vec model and obtain the corresponding word vector and paragraph vector by 

training.Secondly, the word vector and the paragraph vector are connected to form a vector of 

sentences, and then input into the convolutional neural network model for training to obtain a deeper 
sentence feature vector, which is finally input into the classifier for classification.  

2. Main Models 

2.1 Paragraph2vec 

Paragraph2vec is an unsupervised model that can learn variable-length continuous vector 

representations of sentences, paragraphs, and documents. This model can obtain fixed-length 

paragraph vectors and word vectors.The paragraph vector stores the subject of the current paragraph 

and the context information that is missing from the word vector.The core of Paragraph2vec is two 

models: PV-DM (Distributed Memory Model of Paragraph Vectors) and PV-DBOW (Distributed 

Bag of Words version of Paragraph Vector).The PV-DM model will be highlighted below. 

The role of the PV-DM model is to predict the next word in the context by a given paragraph vector 
and the context word vector in this paragraph. The model is a simplified neural probabilistic language 

model with the hidden layer removed, leaving only the input layer, mapping layer, and output 

layer.the framework shown in Fig. 1. 
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Fig.1 PV-DM model framework 
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In the model training phase, for a given training set P , there are sentences 1 2{ , ,..., }NX x x x  and words 

1 2{ , ,..., }MY y y y .For any sentence ix , using a fixed-size window to slide over the words of the current 

sentence. Each time you slide to a position, using the paragraph vector id  of the current sentence and 

the context word vector  ,...,t k t kw w  in the window to predict the word tw  that will appear at the 

maximum probability at that position. The PV-DM usually obtains a combined vector h   by 

averaging or concatenating the paragraph vector id  and the context word vector  ,...,t k t kw w  , and 

then predicting it by the softmax function of the output layer.The Softmax function is often 

accelerated using the Hierarchical Softmax or Negative Sampling method [12] . Since the paragraph 

vector id  is fixed during the training, the semantic information of the entire sentence is utilized every 

time the word is predicted. At this stage, the paragraph vector matrix D  of the training set, the word 

vector matrix W , and the parameters U , b  of softmax are obtained. 

In the inference phase of the model, for the new sentence, using the trained PV-DM model, the word 

vector matrix W  and the parameters U , b  are fixed, and the new paragraph vector is obtained by 

the gradient descent method. Only the paragraph vector matrix D  is updated at this stage. 

The task of the PV-DM model is to maximize the average log-likelihood function: 

1
log ( | , ,..., )

M k

t i t k t k

t k

p w d w w
M



 



                                                    (1) 

Where M  is the number of words, k  is the size of the training window, and id  is the paragraph 

vector of the sentence in which the context word in the current window is located. For the formula 

(1), the key is the conditional probability function,there has: 
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                                                  (2) 

Where jz  is the non-normalized logarithm probability of the output word j , which is calculated as: 

( , ,..., ; , )i t k t kz b Uh d w w W D                                                    (3) 

Where b , U  are parameters of the softmax function, and h  is formed by averaging or concatenating 

vectors extracted from the word vector matrix W  and the paragraph vector matrix D . 

In the experiments in this paper, the paragraph vector was trained by the PV-DM model. 

2.2 Convolutional Neural Network Based on Paragraph2vec 

The convolutional neural network is a feedforward neural network, which differs from the traditional 
neural network in its unique feature extractor composed of convolutional layer and Pooling layer.In 

recent years, CNN has made great progress in speech recognition, image recognition, target tracking, 

natural language processing, etc. In natural language processing, CNN has short-distance dependence 

characteristics, and its convolutional layer extracts enough local features to obtain the overall 

semantic information of the sentence, while the Pooling layer can keep the features obtained by the 

convolutional layer unchanged, so it has certain advantages in dealing with sentence-level text 

sentiment analysis. 

The convolutional neural network model used in this paper is shown in Fig.2. This model has four 
main parts: the representation of sentences; convolution; Max Pooling and Softmax classification. 

2.2.1 The Representation of Sentences 

This model is used to solve the sentence-level text sentiment analysis, so it is necessary to input by 

sentence.With a sentence S , S is a matrix consisting of word vectors of all the words of the sentence 

and paragraph vector of the sentence, in which the word vector is learned by the Skip-gram model.Let 

the dimension of the word vector be d , iw  be the d -dimensional word vector of the i -th word in 
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the sentence, PVp  be the paragraph vector of the sentence, then the sentence S  of length l  

(containing l  word) will expressed as: 

1 2 ... l PVS w w w p                                                           (4) 

Where  is a splicing operation, so the sentence matrix consists of vectors ( 1)d lS R   . 

This layer differs from the traditional input layer in that the word vector and the paragraph vector are 

spliced together to form a representation of the sentence, so that the word order information that was 

originally missing can be supplemented. 
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Fig. 2 Structure of convolutional neural network based on Paragraph2vec 

2.2.2 Convolution 

The convolution operation is a process of obtaining a feature map from a sentence matrix. It captures 

valuable semantic information throughout the sentence. The convolution operation mainly uses a 

filter matrix to calculate the local word vector matrix to obtain a feature value.Let :i jw  be the matrix 

formed by the word vector iw  to jw .For the input matrix S , a window of length t  is swept on the 

matrix S  with a step size of 1 to obtain the local word matrix : 1i i tw   , using a filter of size t d  to 

operate on the matrix : 1i i tw   , a new feature ic  can be obtained. The calculation method of ic  is: 

: 1( )i i i tc f m w b                                                                 (5) 

Where ic  represents the i -th eigenvalue in the convolutional feature map, i  has a value range of 

 1, 2l t  , f  is a nonlinear function, m  is a filter matrix, and b  is a bias value.After the filter 

matrix is convoluted with all the local word vector matrices obtained by window sliding, the feature 

matrix C can be obtained,
( 2) 1

1 2 1[ , ,..., ], l t

l tC c c c C R   

   . 

In practical applications, one filter is not enough to get enough features, and usually multiple filters 
of different window sizes are used to get more different features. With n filters, the eigenvalues 

calculated by different filters are: 

: 1( )ji j i i tc f m w b                                                              (6) 
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Where j  represents the j -th filter,the value of the filter window t is usually 2, 3, 4, 5, and the feature 

matrix obtained by the j -th filter is 1 2 2[ , ,..., ]j j j jl tC c c c   . 

2.2.3 Max Pooling 

The Pooling layer performs dimensionality reduction on the features of the convolutional layer to 

form a feature vector that is ultimately passed to the classifier. This layer can ensure displacement 

invariance, reduce the input size and number of parameters of the next layer, and reduce the amount 

of calculation. On NLP applications, the Pooling layer usually has two types of operations: Mean-

Pooling and Max-Pooling. The former is to average only the feature points in the neighborhood. 
Under this operation, all the feature values obtained by the convolutional layer are related to the final 

feature vector, which will weaken the strong eigenvalue, which is not applicable to the classification 

task. In contrast, Max-Pooling is more widely used [13].In the sentiment analysis of sentence-level 

texts, the input sentences are often of different lengths. Through the Max-Pooling operation, several 

values are fixedly extracted from each convolved feature vector. When the number of filters in the 

convolution layer is fixed, the Pooling layer also fixes the length of the final feature vector, so that 

the length of the feature vector output by the Pooling layer is the same regardless of the length of the 

input sentence, which facilitates the classification operation of the next layer. 

This article uses the Max Pooling Over Time operation, which retains the feature value with the 
largest score for the feature values obtained by a filter, that is, retains the strongest feature.Let the 

convolution feature vector obtained by filter jf  be jC , and the feature value obtained by the pooling 

layer after operation be jp .The calculation method of jp  is: 

max( )j jp C                                                              (7) 

With n filters in the convolutional layer, the pooled feature vector P obtained by all the convolutional 

feature vectors after the Pooling operation is   1

1 2, ,... , n

nP p p p P R   . 

2.2.4 Softmax 

In order to reduce the over-fitting and improve the performance of the model, the Dropout [4] strategy 

is added to the Softmax classification training. The idea is to perform a random Bernoulli transform 

on the input vector, that is, the elements of P  are randomly set to 0. The output of the Softmax 

classifier is: 

( | ) max( ( ) )s sp y P soft W P r b                                                  (8) 

Where y  is the categorical variable, sW  is the Softmax classifier parameter, r is the Bernoulli 

random variable vector, its elements are only 0 and 1, and sb  is the bias term. 

2.2.5 Training Model 

This model uses a back propagation algorithm to train the model. The goal of training is to minimize 
the cross entropy loss function: 

 
2

2
ˆ| log( ( | ))i i i i

i

loss p y S p y S                                            (9) 

Where i  is the sentence number, ( | )i ip y S  is the real category of the i -th sentence, ˆ ( | )i ip y S  is the 

prediction category obtained by the softmax classification of the i -th sentence, and  is the parameter 

in the model. In order to alleviate the problem of over-fitting, this paper performs L2 regularization 

on the loss function, and   is the parameter of the regular term. 

3. Experiments and Analysis 

In this paper, the convolutional neural network model based on Paragraph2vec is applied to two data 

sets for experiment.By comparison with the reference model to verify the proposed method to 

improve the accuracy of sentence-level sentiment analysis by supplementing the word order 

information.The word vector and paragraph vector in this paper are trained by the Doc2vec model 
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provided by gensim, where the word vector is trained by the skip-gram model and the paragraph 

vector is trained by PV-DM. The experimental environment and its configuration in this paper are 

shown in Table 1. 

Table 1. Experimental environment configuration 

Experimental environment Configuration 

operating system Windows 10 

CPU I5-6300HQ, 2.30GHz 

RAM 8GB 

Programming language Python 3.5.5 

Deep learning framework Tensorflow 1.8.0 

3.1 Data Sets 

There are two data sets used in this experiment. The first is the IMDB big movie review data set [5], 

which is a two-category data set containing 100,000 movie commentary data, which has been divided 

into 50,000 labeled and 50,000 unlabeled data. The tagged review data was divided into 25,000 

positive comments and 25,000 negative data. The training set and test set were also divided by 1:1 

during the training. The second is the Stanford sentiment treebank (SST) dataset [6], which contains 

11,855 sentences from the Rotten Tomatoes film review, with 8544 as the training set, 2210 as the 

test set, and 1101 as the validation set.The SST dataset has two classification tasks, one is a fine-

grained 5-category task, the label is: {Very Negative, Negative, Neutral, Positive, Very Positive}; the 

other is a coarse-grained 2-category task, labeled: {Negative , Positive}, this paper sets the 5 

classification task data set as SST-1 data set, and the 2 classification task data set as SST-2. The 
document size of the IMDB data set is different from that of the SST data set. The former has multiple 

sentences in each comment, while the latter has a single sentence. Therefore, when training the IMDB 

data set, the whole comment is treated as a long sentence. 

3.2 Experimental Parameter Settings 

In this paper, the experimental parameters of the text are set according to the comments given in [7]. 

The experimental parameters include the word vector dimension, the paragraph vector dimension, the 

convolution filter window size, the number of convolution filters, and the Droupout algorithm ratio. 

The activation function of the convolutional layer of this experiment is the Relu function, and the 

specific parameters are shown in Table 2. 

Table 2. Experimental parameters 

Parameter name Value 

word vector dimension 100 

paragraph vector dimension 100 

filter window size {3,4,5} 

number of  filters {100,100,100} 

Droupout algorithm ratio 0.5 

3.3 Word Vector Models Comparison Experiment Results 

Table 3. Comparison of word vector models on IMDB data set 

Word vector models Vector dimension Accuracy (%) F1-score 

Word2vec 200 76.1 0.76 

Paragraph2vec 200 86.4 0.86 

he Word2vec and Paragraph2vec word vector models were compared on the IMDB film data, and the 

classifiers were Logistic Regression.In the word2vec-based experiment, the superposition mean of 

all word vectors in the sentence is used as the vector of the sentence.  As shown in Table 3, the 

classification results from Paragraph2vec model are significantly better than Word2vec in the 
accuracy rate and F1-score.The reason is that the Word2vec model focuses on words during the 
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training process, ignoring the influence of sentence structure and word order information, so it is 

slightly inferior to Paragraph2vec in sentence-level sentiment analysis tasks.  

3.4 Neural Network Models Comparison Experiment Results 

Table 4. Comparison of the accuracy of neural network models on multiple data sets 

Models IMDB (%) SST-1(%) SST-2(%) 

RNN 86.8 43.2 82.4 

CNN 87.9 44.5 84.0 

This paper 89.0 45.2 85.0 

This paper compares the models on the IMDB, SST-1 (5-category) and SST-2 (2-category) data sets. 

The IMDB and SST-2 data sets are binary classification tasks,so the corresponding loss function is 

binary cross entropy. The loss function of the SST-1 multi-classification task is categorical cross 

entropy. The baseline models in this paper is the recurrent neural network RNN, the convolutional 

neural network CNN proposed by kim [8]. On the SST task, the results of RNN are from the paper 

[5]. As shown in Table 4, we can clearly see that in the sentence-level sentiment analysis task, the 

CNN model is significantly better than the RNN model. The proposed model obtains the current 
optimal results on both IMDB and SST binary classification and multi-classification tasks, and proves 

the superiority of Paragraph2vec paragraph vector combined with CNN. 

4. Conclusion 

Aiming at the problem of word order information in sentence-level sentiment analysis, this paper 

proposes a convolutional neural network model combined with Paragraph2vec. The Paragraph2vec 

model considers the context information in the process of learning the paragraph vector.Therefore, 

its vector retains enough important information of sentences not found in word vectors, and provides 

effective information such as word order for the final sentence feature vector, which improves the 
accuracy of the model processing sentence-level sentiment analysis.This paper describes the principle 

of the main model in detail, and tests it on multiple data sets. After repeated experiments, the results 

are better than the baseline model, which verifies the rationality and effectiveness of the proposed 

method. The method proposed in this paper does not pay attention to the emotional information. Next, 

the emotional information will be taken into account in the model, and the ability of the model to deal 

with multi-classification tasks will be improved.  
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