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1.Introduction
With the advancement of science and technology, artificial intelligence technology has also developed rapidly, gradually showing excellent performance and potential. Among them, the most noticed by the world is the deep neural network. The convolutional neural network and the recurrent neural network in the deep neural network are network models developed around space and time respectively. Time series is the most important time data. How to predict the future change trend of time series by learning the historical laws of time series has always been a key topic for scholars. The correct forecasting time series can bring people many conveniences such as traffic diversion and stock forecasting. However, traditional time series analysis once reached a bottleneck due to the defects of the method, so the neural network model is used to deal with new problems in time series forecasting.



















2. Time Series Forecasting and Classification
2.1 Time Series Analysis
A time series is a sequence of numbers arranged in a specific order, and this order is usually determined by the sequence of time. Generally speaking, time series data have a strong dependence, and even data from a long period of time before has an impact on future data. Due to the difference in observation time, the time of the time series can be in any time format such as minutes, seconds, and hours. Among them, stock price curve, weather change graph, etc. are more common time series. In the field of natural language, scholars hope to infer the words that people will utter from the first few words that people utter.

Time series is a very broad concept, and its various types of data may contain different characteristics, such as stock data with a high degree of nonlinearity and chaos, weather data with a certain periodicity and seasonality, and so on. Traditional time series analysis needs to determine methods based on different time series data. The neural network has higher accuracy and can be applied to most time series, so the use of neural network method to process time series data has important application value and research significance.

2.2 Data Preprocessing
Before the experiment starts, some preparations are needed, such as data normalization methods, missing value processing methods, etc.
2.2.1 Data Normalization
Due to the numerous features of the data set and the different dimensions of the data, the neural network may be difficult to train. Therefore, it is necessary to normalize the data to speed up the convergence speed of the neural network and improve the prediction accuracy of the model. Common data normalization methods include min-max and Z-score, as shown in formulas (1.1) and (1.2) respectively:

		

		






Among them,represents the feature value set of a feature in the data set, and  represents the normalized result of the set of eigenvalues.  is the minimum value of the group of features,  is the maximum value of the group of features,  represents the average of the group of features, and  represents the standard deviation of the group of features. The difference between the two methods is that the min-max method maps the data to a range of 0-1, while the Z-score method maps the data to a standard normal distribution with a mean of 0 and a standard deviation of 1.

Because the min-max method is susceptible to outliers, biased data appears, which affects model training. After Z-score processing, even if the original data set has extreme values, the normalized data still meets the mean value of 0 and the standard deviation of 1, and there will be no biased data. Therefore, the Z-score method is generally used to preprocess the data set.

2.2.2 Missing Value Processing
A missing value in a data set means that the value of one or some features is incomplete. If the missing values in the data set are not processed, the model will not be able to correctly analyze the behavior and relationship between the features, which will ultimately affect the performance of the model.

There are two commonly used methods for processing missing values:

· When the attribute contains a large number of missing values and there is only a small amount of valid data, delete the attribute;
· Fill in missing values through the similarity of non-missing data in the data.
2.3 Convolutional Neural Network
CNN is a feedforward neural network that includes convolution operations, and has been widely used in computer vision, natural language processing and other fields. The main feature of CNN is local connection and weight sharing, mainly including convolutional layer and pooling layer, which is especially suitable for processing grid data, such as image data and time series data.

Convolutional neural network evolved from the Multi-Layer Perceptron (MLP) and has the following three characteristics: 

· Local area connection: The neurons between layers are only locally connected, which greatly reduces the number of network parameters. 
· Weight sharing: The same weight is used for calculation in different areas of the image, which further reduces the number of network parameters.
· Pooling: Including maximum, minimum and average pooling operations. The main function of the pooling operation is to reduce the computational complexity of the neural network while extracting the main features of the output of the previous layer.

Since the development of CNN, the number of network layers has become deeper and deeper, and the model architecture has become more and more complex. Among the more famous CNN models are Le Net-5[1], Alex Net [2], Google Net [3], VGG [4], Res Net [5], Dense Net [6], etc. This article selects Le Net-5 and Res Net to introduce. Le Net-5 is the first CNN model proposed. Today, most of the CNN architectures are developed on the basis of Le Net-5. Res Net is a convolutional neural network proposed in recent years. It is mainly used to solve the problem of gradient disappearance and network degradation. It is of great significance to the development of CNN architecture.

2.3.1 Le Net-5
Le Net-5 was proposed by Le Cun et al. and used for handwriting recognition [1]. This model established the basic structure for modern CNN. The process of handwriting recognition by Le Net-5 is shown in Figure 1.
[image: ]
Figure 1 Le Net-5 structure diagram

Le Net-5 is composed of three convolutional layers, two pooling layers and two fully connected layers. At the same time, a 32×32 original image is finally transformed into a ten-dimensional vector after being processed by Le Net-5. The value of each dimension represents the probability that the original picture belongs to the corresponding category of the dimension. The output of the convolutional layer is feature map, and a set of convolution kernels corresponds to a feature map. The output of the first convolutional layer is six feature maps, indicating that Le Net-5 uses six sets of convolution kernels in the first convolutional layer. The input of the pooling layer is a feature map. Common pooling methods include Max Pooling and Average Pooling. The main function of the pooling layer is to reduce the dimensionality of the feature map. This has two purposes. The first is to simplify the computational complexity of the network. The second is to extract the main features and solve the over-fitting problem to a certain extent, which improves the robustness of the model. The function of the fully connected layer is to linearly combine the features extracted by the convolutional layer and the pooling layer to achieve the purpose of mapping the feature space to the sample label space.
2.3.2 Res Net
As the depth of the network increases, problems such as gradient disappearance and network degradation are prone to appear. In response to these problems, Kaiming He et al. proposed Residual Network (Res Net) [5], which greatly slowed down the speed of network degradation. Figure 2 is a typical residual unit structure. Suppose the input of the residual unit of the neural network is 𝑋, and the real output is 𝐻(𝑋). Since identity mapping is the core essence of the residual network, as long as the identity mapping relationship 𝐻(𝑥) = 𝑥 is satisfied, the network can be guaranteed not to degenerate, but it is often difficult to let the neural network fit 𝐻(𝑥) = 𝑥. In response to this problem, Kaiming He et al. directly connected the input of the residual unit to the output. Under the new network structure, 𝐻(𝑥) = 𝑥 + 𝐹(𝑥), where 𝐹(𝑥) represents the residual term. Satisfying 𝐹(𝑥) = 0 can ensure that the residual unit is identically mapped, and it is often easier for the neural network to fit 𝐹(𝑥) = 0.
[image: ]
Figure 2 Res Net structure diagram

2.4 Recurrent Neural Network
Traditional neural networks can only process one input individually, and there is absolutely no relationship between the previous input and the next input. However, a lot of information in the real world has strong time relevance. For example, when people understand a word in a sentence, they often need to combine the context of the word. RNN is a neural network specially used to process sequence structure data. Different from the forward static network, the signal from one neuron to another neuron will not disappear immediately, but will survive for a period of time. Therefore, RNN has higher modeling ability than forward static network. RNN has many important characteristics that are not available in forward networks, such as dynamic characteristics and dynamic information storage. And in most cases, the time series prediction model of RNN uses fewer parameters to get more accurate results.

Figure 3 is the network structure diagram of RNN. RNN is a type of network model characterized by the appearance of loops in the network, which consists of an input layer, a hidden layer and an output layer. The hidden layer is not only connected to the output layer, but also connected to itself, which means that the value of the hidden layer at the current moment not only depends on the input at the current moment, but also depends on the output number of the hidden layer at the previous moment.
[image: ]
Figure 3 RNN network structure diagram










From the unfolding structure diagram of the recurrent neural network, we can see that  is the input at time ,  is the hidden state at time , and  is the output at time .  is obtained through the hidden state at time and the input at time . The calculation principle is shown in equation (1.3):

		




Among them, represents the nonlinear activation function. At the same time, in this network, the parameters of the model can be reduced by sharing the parameters and . The neurons in the hidden layer of the cyclic neural network are not only used to calculate the output at the current moment, but also participate in the calculation of the hidden unit at the next moment.

Although RNN can be used for short-term prediction, there will be a problem of unstable network training. Aiming at the long-term dependence of RNN, Hochreiter et al. proposed a long and short-term memory neural network (LSTM) [7]. This model introduces a memory storage unit and three logic gated units to control the flow of data, and solves the long-term dependence of RNN in learning. The gradient in the relationship gradually becomes smaller. The LSTM network structure is shown in Figure 4.
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Figure 4 LSTM network structure diagram









It consists of two states and three gates. Among them, state  is a memory cell unit, and the other state  represents a candidate state at time . The LSTM network uses input gate , forget gate , and output gate  to control states  and . LSTM is not essentially different from the general RNN structure. It uses different functions to calculate the hidden layer state. In LSTM, traditional neuron nodes are replaced by cell units, which are used to save some states saved in the time series before the current input. These cells combine the current memory, previous state and current input, and add some conditions to determine which cells to inhibit and which cells to activate.



























3. Natural Language Processing 
3.1 Overview of Natural Language Processing
As a sub-field of artificial intelligence, NLP's research focuses on the realization of information interaction between humans and computers, so that computers can understand and use human languages [8]. As an important tool for communication between people, natural language mainly deals with words, paragraphs or chapters. The main methods used are divided into two types: rule-based and statistics-based. The rule-based method is to manually process the text data according to language-related rules; the statistics-based method is to process the text data through the statistical analysis of large-scale data sets. The quality of the data set has a great influence on the performance of the natural language processing model. Therefore, only with strong data support can further processing and analysis of the text be better.

From the perspective of research content, natural language processing includes grammatical analysis, semantic analysis, and text comprehension. From an application point of view, natural language processing has broad application prospects. Especially in the information age, natural language processing applications are all-encompassing, such as machine translation, speech recognition, public opinion analysis, and opinion mining.

3.2 Text Preprocessing
Text preprocessing refers to cleaning text data and deleting redundant data. First introduce the importance of corpus in development.

3.2.1 Corpus
Corpus usually refers to the fact that it is impossible to observe large-scale language instances in statistical natural language processing, so people simply use text as a substitute, and regard the context in the text as a substitute for the context of the language in the real world. The term corpus in linguistics means a large number of texts, usually after collation, with established formats and tags. It has three notable features:

· The corpus stores language materials that have actually appeared in the actual use of the language.
· A corpus is a basic resource that carries language knowledge on a computer, but it is not equivalent to language knowledge.
· The real corpus needs to be processed (analyzed and processed) before it can become a useful resource.

3.2.2 Text Noise Filtering
There is no uniform specification for text data from different sources. There are many irrelevant symbols and marks in the original data set, which will greatly affect the judgment of the text category. Therefore, it is necessary to filter the text with noise. For non-standard raw data sets, such as web page data crawled by web crawlers, noise information such as Html tags and scripting languages should be removed first.

3.2.3 Word Segmentation and Part-of-speech Tagging
Text segmentation is an indispensable step of preprocessing. Word segmentation is to divide the continuous sequence of words in the text into word sequences according to certain semantic rules. Words in English text are separated by spaces or punctuation marks carried by themselves. At present, for the English data set, the built-in Tokenizer is used for word segmentation and the NLTK toolkit is used for part-of-speech tagging.

3.2.4 Remove Stop Words
The text after word segmentation needs to be further removed of stop words. Stop words are meaningless words that contain little language information and are not helpful for text classification, such as function words, prepositions, punctuation, etc. These stop words generally contain less effective information. Therefore, it needs to be removed before text analysis, so that the classification model can pay more attention to the emotional feature words, and achieve the purpose of reducing the dimensionality and retaining more semantic information as much as possible, otherwise it will affect the accuracy of the classification results. The common method is to first establish a stop word list, and then delete the stop words through string matching on the segmented text.

3.3 Application of Deep Learning in Sentiment Analysis
3.3.1 Word Vectorization




As the input of the deep learning model, natural language text must be pre-processed for encoding. For the two models in this article, words and sentences need to be encoded into feature vectors of a certain size. Therefore, the data preprocessing part should be vectorized encoding the words. Use word2vec for encoding, that is, encode each word into a -dimensional real number vector  (is a hyperparameter in the model) through the trained word2vec. Suppose the length of a given sentence is , then:



3.3.2 Network Model



Text-CNN is a convolutional neural network suitable for sentence recognition proposed by Kim et al. [3]. It also includes modules such as convolutional layer, pooling layer, and fully connected layer, and most neural network models in text classification are based on it. Convolutional neural network used in image recognition and other fields, the input of the image is a three-dimensional matrix. The text after word vector processing is a two-dimensional embedding matrix. Because a line of word vector represents a word, so unlike the CNN in the image, the size of the convolution kernel of Text-CNN is not , but , and  represents the size of the convolution kernel. The network model of Text-CNN is shown in Figure 5.
[image: ]
Figure 5 Sentiment analysis with CNN

The Text-CNN model in Figure 5 is a multi-layer network structure, roughly divided into four layers: 

(1) Embedded layer
It is the input layer of the training model, and completes the sequential input operation on the word vector matrix converted from the text database.

(2) Convolutional layer
The main task is to complete the feature extraction of related corpus data sets. The process of extracting semantic features of the convolutional layer mainly depends on the convolution kernel, or the size of the moving window, and the local features of the text can be automatically collected through the convolution kernel traversal. In the text sentiment analysis task, the one-dimensional convolution calculation is generally used.

(3) Pooling layer
Also known as the sub-sampling layer. The main function is to compress and filter the local features obtained by the convolutional layer, so as to obtain its main features and reduce the dimensionality of the feature matrix. Through the feature compression of the pooling layer, the parameters of model training can be greatly reduced, and the network is optimized while improving the efficiency of model training within a certain range.

(4) Fully connected layer
It is mainly used to combine the local features after dimensionality reduction through the pooling layer into a global feature. The global feature roughly ensures the integrity of the text semantics within a certain range. After that, the final output will be connected to the softmax function. Used to obtain the final classification result.

3.4 Application of Deep Learning in English Entity Relationship Extraction
3.4.1 Network Model
As shown in Figure 6, it consists of four modules: word encoding, convolutional layer, down-sampling layer, and regularization classification layer.
[image: ]
Figure 6 Use convolutional neural network for English entity relationship extraction

(1) Word encoding






For the input sentence "In the morning, the <e1>President</e1> traveled to <e2>Detroit</e2>".The system first converts each word into a vector with dimension  according to word2vec (the generated vector dimension is ) and the position information of the word in the sentence (the generated vector dimension is 2).The length of the sentence is , and then the sentence is converted into a matrix of , so that the original input sentence can be expressed as a matrix .

(2) Convolutional layer
The convolution process uses the convolution kernel to convolve the original matrix, extract more advanced and abstract features, and generate a new matrix. The process is as follows:
· 



Given a convolution window , the corresponding convolution kernel : ( is a column vector of size ).
· 

[bookmark: _Hlk70363086]Each convolution will produce a score value : 
· 
Finally, a score sequence is generated: 
· Apply multiple window sizes to finally get multiple score vectors.

(3) Down-sampling layer
The down-sampling process is a simplified process. In this process, the corresponding sampling function is used to sample the features of the matrix generated by the convolution, and the more important features are extracted to greatly reduce the dimension of the matrix. It simplifies the calculation process while ensuring that key features are not lost.

(4) Regularization classification layer
This layer is divided into two steps, namely the regularization process and the classification process. Regularization zeroes the probability of the vector obtained by the down-sampling layer. The classification first inputs the vector to the fully connected layer of the traditional NN [9], and then sends the output to the softmax [10] layer to classify and extract the corresponding relationship.
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