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[bookmark: _Toc43040045][bookmark: _Toc99649768]1  INTRODUCTION
In recent years, with the rapid development of portable network terminal and Internet, social platform plays a more and more important role in people's life. This large-scale use of social platforms has brought great changes to the world. Among them, the most remarkable is undoubtedly the rapid decline of the status of traditional media. People can quickly acquire and express different views and opinions through social media. The result of this situation is that people have a very intuitive and multi-channel understanding of the information that can only be understood through traditional media. 

[bookmark: OLE_LINK5]This situation has had a dual impact on society. On the one hand, people have a more accurate understanding of part of the information through the views of people in different regions and different social identities; On the other hand, the lack of effective and fair control of false information also leads to the confusion of network information and difficult to distinguish. In addition, as people are more on social platforms, people with different life backgrounds often have different views on things. To some extent, this opinion will lead to a certain degree of exchange of views on social media. To some extent, the exchange of views is beneficial to the exchange of different people in the world. However, people often have some irrational responses in the exchange of views. Irrational responses are often more likely to cause irrational responses from others. That is, extreme opinions tend to attract more attention. The best solution to the differences is to strengthen the understanding of the differences between the two sides, or both sides put forward their own effective arguments. That is to reduce the differences between the two sides and the latecomers by understanding their respective views, so as to achieve a certain degree of rational discussion.

[bookmark: _Hlk99628685][bookmark: OLE_LINK6]Therefore, based on this idea, for a hot topic on social media, a better viewpoint classification method is to dichotomy this topic. At present, the natural language analysis method commonly used in dichotomous topic stance is stance analysis. Stance detection usually refers to whether the author determines whether a given target topic holds FAVOR (AGAINST) or does not show any stance (NONE) is different from the traditional sentiment analysis. The traditional sentiment analysis does not need to consider the target topic, but only needs to get the evaluation information of the objects contained in the text, and directly determines the emotional polarity of these objects. Stance detection focuses on the text's emotional tendency towards the given target topic. The difficulty is that the given target topic does not necessarily appear in the text. The author can indirectly show the author's stance on the given target topic by expressing his opinions on other objects related to the target topic. In stance detection, the positive emotion shown in the text does not necessarily represent the support stance, and the negative emotion shown does not necessarily represent the opposition stance, Therefore, stance detection is more complex than traditional emotion analysis.

[bookmark: OLE_LINK7]In addition, simply dividing the views of commentators into simple binary opposition of approval and disapproval makes it easier for some neutral latecomers to join the extremely irrational debate because of this classification of identity. Social media platforms often contain a lot of opinion information. On the one hand, it is difficult for a short social media text to comprehensively and completely summarize all the information related to a topic event, and many of the author's comments on hot topic events are difficult to be separated from their own subjective attitudes and opinions, which will lead to information distortion; On the other hand, the social platform has a huge amount of information, fast information update speed and serious information fragmentation. Platform users must filter from a large amount of topic related information in order to understand the overall situation of the event. At this time, the audience of the social platform often choose a more convenient way, that is, when many texts show some emotion that is more acceptable to the audience, many users are vulnerable to emotional infection and show similar attitudes, resulting in the loss of due rationality of public opinion. Therefore, how to automatically and accurately summarize numerous users' viewpoint information and obtain the viewpoint summary under hot topics can help platform users have a more objective and comprehensive understanding of the different viewpoints of hot controversial topics in a very short time. Therefore, it is necessary to cluster various common viewpoints of the two sides. Promote the discussants to have a clearer understanding of those with different views.

[bookmark: _Toc99649769]2  LITERATURE REVIEW
[bookmark: _Toc99649770]2.1 Stance detection
2.1.1 Stance detection development history
[bookmark: OLE_LINK4]Stance is defined as the expression of the speakers’ standpoint and judgment toward a given proposition (Biber & Finegan, 1988). The proposition mainly include people, organizations, policies, activities or products. For example, in order to determine consumers' response to new products and improve user experience, marketers can publish posts related to their target products through the Internet and collect consumers' stance feedback. Text stance detection refers to automatically judging their stance on a predetermined target from the text published by users. Text stance detection and text emotion analysis are important research directions in the field of text opinion mining, which is different from text emotion analysis, Text stance detection needs to distinguish the stance of "support, opposition or neutrality" with more complex expression, rather than the positive or negative emotional polarity of the specified object. Emotion is usually used as the carrier of stance expression, and the same stance can be expressed through different emotions. Text stance detection mainly includes three stances: support, opposition or neutrality. 
[bookmark: OLE_LINK8]As one of the important frontier research branches in the field of natural language processing, stance detection is similar to emotion classification in some aspects. However, compared with the classification of emotion, the stance pays more attention to the dualization of the commentator's attitude towards a thing. Therefore, stance detection is more used as a back-end to connect language form and social identity in various studies, which has the ability to better understand the background of people with polarized opinions. Therefore, early stance detection studies were mostly used to analyse political debates, in 2006, Thomas and others collected the records of speeches and debates in the U.S. Congress in 2005, and artificially marked the recorded speeches as support and opposition respectively [19]. Subsequently, research on text standpoint detection from different perspectives emerged one after another.

Early stance detection studies often have the same characteristics. Before 2013, the research on stance detection mainly focused on congressional debates, intra company discussions, online social, political and ideological debates and online debates on products. That is, it mainly focuses on the stance analysis of long text debate. The data sets of this analysis often have a relatively clear stance. After 2013, due to the emergence of stance detection competition and the initial rise of social media, the number of research papers on Twitter has increased sharply, but it is still mainly focused on the research on online ideology and social debate. 

[bookmark: OLE_LINK3]The main development time of stance detection in recent years is after 2016. Three competitions mainly focus on emerging social media: (1) SemEval-2016 shared task on stance detection in English tweets, (2) NLPCC-ICCPOL-2016 shared task on stance detection in Chinese microblogs, and (3) IberEval-2017 shared task on stance detection in Spanish and Catalan tweets. In addition, the data set given subsequently gave great convenience to later researchers. This convenience gives the researchers of stance detection great enthusiasm to study the algorithms related to stance detection. 
2.1.2 Model training method
[bookmark: OLE_LINK9]In recent years, the focus of stance detection research is text feature extraction and text feature classification. Among them, the most studied is text feature extraction, that is, text representation learning [11]. According to the different forms of feature coding, it can be divided into discrete text representation and distributed text representation. Text feature classifier can also be simply divided into machine learning method and deep learning method. From the overall classification of stance detection methods, it can be divided into four categories: methods based on traditional machine learning, methods based on topic model, methods based on deep learning and stance detection methods based on "two-stage".

1. Methods based on traditional machine learning

Among the traditional machine learning methods, logical regression, naive Bayes, decision tree and SVM are the most commonly used machine-learning methods. Support vector machine is the most commonly used stance detection machine learning algorithm so far. There are more than 40 research papers on the application of support vector machine to stance detection [3]. They are also often used as the baseline method to compare with other methods. Their focus is how to select the appropriate feature representation. Feature types can be divided into simple text features, emotional features and mixed features.

(1) Simple text features

[bookmark: OLE_LINK2]Simple text features mainly include lexical features, term frequency inverse document frequency (TF-IDF), word vector (word2vec, para2vec), topic model related features (LDA, LSA), named entities, dependencies, syntactic rules, etc.
Xu et al. [21] used semantic features such as para2vec, LDA and LSA to represent the semantic information in twitter text, and compared the effect of machine learning algorithms such as random forest (RF), support vector machine based on linear kernel function (svm-linear) and support vector machine based on RBF kernel function (SVM-RBF) on stance detection when using different semantic features. Similarly, sun et al. [18] analyzed the role of semantic features, lexical features, morphological features and syntactic features in the stance detection task of Chinese microblog. The experiments show that the above features are helpful to improve the stance detection performance.

(2) Emotional characteristics

[bookmark: OLE_LINK10]In order to prove the interdependence between emotional information and a given goal, Mohammad et al. [14] first published an annotation data set integrating emotional information and stance labels to study the interaction between emotion and stance. Based on this data set, Ebrahimi et al. [5] integrated emotional polarity into goals and stances, modelled the interaction of goals, stance labels and emotional words in the text through a graph model, and established joints sentient target stance modelling (STS), which proved the effectiveness of combining emotional information to model the stance of goals. In addition, emotional dictionary is also an important means to introduce emotional features into stance detection [12].

(3) Mixing characteristics

In addition to simple text features and emotional features, some scholars have proposed methods based on mixed features. Dian Yujie et al. [4] used the word bag model integrated into the synonym dictionary and the features such as word vector and word vector to detect the stance by using SVM, RF and decision tree respectively. Finally, all classifiers were fused in the later stage, and the best effect of Chinese microblog stance detection task (nlpcc2016task 4) was achieved.

2. Stance detection based on topic model

Ahmed et al. [1] proposed a multi view late Dirichlet allocation (Mview LDA), which regards each word in the text as a combination of stance tendency and theme. The problem of modeling stance is solved at the topic level by using factor topic model, and a posteriori inference is carried out through folded Gibbs sampling: first, learn to find the point estimation of model parameters, and then infer according to the text and the obtained point estimation. The model is evaluated and explained, which is obviously better than the baseline model. Gottipati et al. [7] proposed an implicit topic model, which integrates information extraction and emotion analysis into the model, and uses the hierarchical structure of arguments in the debate encyclopedia data set to construct topics, so as to infer the topics and stances in the field of social and political debate. Finally, the advantages and disadvantages of the model are shown through qualitative and quantitative evaluation.

3. Stance detection method based on deep learning

Compared with machine learning methods that rely too much on Feature Engineering, deep learning methods have the ability to automatically learn text features, which has been widely concerned and used. Compared with traditional machine learning methods, deep learning effectively reduces the workload of manually constructing features, and has excellent representation learning ability. 

(1) Convolutional neural network (CNN)

[bookmark: OLE_LINK11]Scholars have done a lot of research work on the stance detection method based on CNN. Igarashi et al. [9] used the feature-based model and CNN based model to classify the stance of twitter on semeval-2106task 6 subtasks a dataset, respectively. The results show that CNN model can detect stance by automatically detecting subject words and effective words, and performs better in the cross validation of training data. Sysoev et al. [20] used convolutional neural network to construct a convolutional neural network model based on word level and character level for English twitter stance detection data set, and finally fused the two models for stance analysis. The results show that the performance of convolutional neural network based on character level is much better than that based on word level in stance detection with large enough data.

(2) Recurrent neural network (RNN)

Owing to the lack of convolutional neural networks in capturing grammatical and syntactic information, recurrent neural networks have begun to attract attention as part of natural language recognition. Zarrella et al. [24] obtained word vector features by weakly supervised learning on two large unlabelled text data sets, and then used recursive neural network (RNN) to fuse grammatical and syntactic information to learn the vector representation of input text to detect the stance of twitter text. The advantage of recurrent neural network is that it can make full use of the information of grammar and syntactic structure, but its detection effect also depends on the results of grammar and syntactic analysis.

(3) Long and short-term memory network

Long short-term memory (LSTM) is a cyclic neural network controlled by gates, which can capture long-distance dependencies, alleviate the problem of gradient disappearance in RNN. It is the most common deep learning method for attitude detection. Augenstein et al. [2] established a bidirectional conditional LSTM coding model based on weak supervised learning, which uses two lstms to model successively, and combines the stance target with Twitter text.

(4) Pre training language model

In the past two years, ELMO, OpenAI GPT, BERT and other pre training language models have been improved in a number of natural language processing tasks. Many scholars also use the method of pre training language model in text stance detection. First, use the language model for pre training on a large data set, and then fine-tune them for specific tasks. HU et al. applied BERT model to Chinese public opinion text classification, and prelim natively studied BERT's text classification task in the Chinese environment.
[bookmark: _Toc99649771]2.2 Opinion Summarization
Opinion summarization is a cross problem between the field of opinion mining and the field of automatic summarization. It refers to the ability to automatically summarize from a large number of opinion texts to generate a concise, accurate, comprehensive text summary that contains all kinds of opinions and has no redundancy [15].

Opinion summarization often requires a series of methods involving automatic summarization. The traditional automatic summarization methods are usually divided into two categories: extractive summary and generative summary. The implementation of both usually needs to go through the following process: first, the content of the document structure unit (sentence, paragraph, etc.), then give a certain weight to each structure unit, then select the structure unit with high importance but no redundancy between each other, and finally organize the content of the selected document structure unit to obtain the text summary. Abstract is to extract some representative core sentences directly from the original text as the abstract of the original text to summarize the main idea of the original text. The research of extraction summary mainly includes heuristic rule-based method, graph sorting method, submodular function method, integer linear programming (ILP) method and supervised learning method. Kedzie et al. use RNN and CNN models to encode each sentence in the document, and then input the semantic encoding of all sentences into sequence-to-sequence model in sequence according to context order. Each dimension of the output result vector represents whether the sentence corresponding to the original document will be selected as the summary sentence [10]

The research of opinion summary has been widely used in the field of commodity comments. In contrast, the research methods of opinion summary in the field of online social networking have been paid more and more attention in recent years. Huang et al. proposed a heterogeneous network integrating user influence attributes and the situation of twitter text being forwarded to achieve the ranking of Twitter microblogs [8]. Li et al. used convolutional neural network to represent the text of micro-blog and predict the polarity of emotion, and then used semantic graph to represent the semantic connections between various micro-blog texts. Finally, maximum boundary correlation algorithm was adopted to complete the micro-blog screening and generate summaries [13].

[bookmark: _Toc99649772]3  METHODS 
[bookmark: _Toc99649773]3.1 Stance detection
As can be seen from the above, there are two commonly used stance detection algorithms: one is the stance detection method based on Feature Engineering, and the other is the stance detection method based on neural network. The research subject of stance detection based on text recognition is text, and its main task process is: text preprocessing, text feature extraction and text classification. Among them, the most studied is text feature extraction, that is, text representation learning. Therefore, for the stance detection task, the most important and significant difference is the difference of text feature processing.

Text feature extraction, that is, text representation learning. According to the different forms of feature coding, it can be divided into discrete text representation and distributed text representation.

1. Discrete representation
(1) One hot coding
One hot coding is the most classic and basic text feature representation method. One hot coding represents text based on a corpus.
(2) Bag of word (bow)
Word bag model is a text feature representation method for direct text representation. In the word bag model, the text will be represented by a "bag" composed of words, that is, the so-called "word bag". The word bag model considers the frequency of words, but does not consider the impact of specific grammar and the order of words on text features. Words with the same frequency will appear before and after the words with the same frequency in the "bow" coding.

(3) TF-IDF (word frequency - inverse document frequency)
Word bag model only uses the text feature of the frequency of words in the text. However, in practice, there is no way to distinguish the two texts well because of the frequency of some commonly used words. For example, in any paragraph of text, there will be a large number of commonly used grammatical words such as "the". The contribution of the frequency of this kind of words and the frequency of other words to the construction of text features should be different. In order to distinguish the difference between the two, Salton et al. Proposed TF-IDF algorithm to improve the word bag model. The full name of TF-IDF is: term frequency – inverse document frequency, also known as word frequency - inverse text frequency. Its core idea is to distinguish the most useful words in the document, which should be those words that appear more frequently in the current document and less frequently in all other documents in the whole corpus. Therefore, TF-IDF constructs text feature representation through two values: term frequency (TF) and inverse document frequency (IDF).
The limitation of TF-IDF is that it does not use the text feature of word order. Word order is also an important feature in the text, such as "a likes B" and "B likes a". The word frequency of these two sentences is the same, but obviously the meaning is quite opposite. Secondly, the calculation of TF-IDF relies heavily on corpus. In order to get better text features, it needs a corpus with high quality, which also brings the workload of artificial data screening. However, TF-IDF algorithm is simple to implement, easy to understand and highly interpretable. Therefore, in most simple scenarios, TF-IDF is a good choice to construct text features.

2. Distributed representation learning

The distributed hypothesis was first proposed by Harris, and then further clarified by Firth [6]. The core idea of the distributed hypothesis is that "the semantics of a word is determined by the context in which the word is located." After the hypothesis was put forward, distributed representation learning has gradually developed and has been widely used in many machine learning tasks,

(1) LM and nnlm
Language model (LM) is a statistical model in linguistics, which is used to describe the probability of a sentence conforming to grammar. Language model is an important tool of natural language processing. In the early stage of natural language processing, the text is characterized by feature engineering. The method of feature engineering requires a lot of human and material resources, and can not cover the requirements of grammar and structure in linguistics. Until the 1980s, the statistical language model was proposed, which provided a theoretical basis for the probability calculation of the sequences composed of n words.

However, because the learning parameters required by the statistical language model are too many and complex, it is difficult to realize in practical application. Therefore, f Jelinek proposed the n-gram model, which simplifies the language model (LM). The N-gram model is based on the assumption of Markov, that is, the emergence of a word is only related to several (n) words before it. N-gram simplifies the operation of language model and has been the most widely used model for a long time.

(2) Word2Vec
In 2013, mikolov et al. Proposed word2vec [35]. Word2vec includes two models, cbow and skip gram. The former can predict the probability of the current word according to the word context, while the latter conversely uses the current word to predict the probability of each word in the word context.
Through word2vec, we can make two semantically similar words and get similar low-dimensional representation vectors. This characteristic perfectly conforms to Harris's distributed hypothesis, which makes word2vec a great success in text representation learning neighborhood.

But different from LM, word2vec is born to obtain the distributed representation of words, rather than the feature representation of text. Therefore, in a strict sense, word2vec is the intermediate product of text representation learning. In practical application, it is often through the pre trained word2vec model to obtain the word vector, and then through other neural network models to further obtain the text representation.

(3) ELMO
Word2vec is a static word embedding technology. In different contexts, the word embedding representation of words trained by word2vec will not change, and it is difficult to deal with complex situations such as polysemy. In 2018, the Elmo model proposed by Peters et al. [16] changed the routine of previous language models and designed a method of dynamically calculating word vectors, which provided a good idea for solving polysemy.

It uses a two-layer two-way LSTM network to learn syntactic and semantic features. Wherein, the forward double-layer LSTM represents the positive direction encoder, and the upper part of the input word; The reverse double-layer LSTM represents the reverse direction encoder and inputs the following words. Input a new sentence s to the trained model, and each word in the sentence will get its own three embedding, which are word embedding at the lowest layer, embedding corresponding to LSTM at the first layer and embedding corresponding to LSTM at the second layer. In the actual task learning, the model will learn the weight values corresponding to three embedding through the task, and get the final embedding corresponding to each word in the form of weighting.

(4) BERT
In 2017, Google proposed the transformer model. Since then, the language model has gradually got rid of RNN and LSTM. Many tasks in machine learning can be solved only through the attention mechanism.
Transformer believes that both RNN and LSTM have "one-way" time series and need to be read iteratively, so they are not suitable for text understanding. The model divides the task of understanding the text into two stages:
① Find the relationship between word vectors in parallel to form an asymmetric correlation matrix, that is, the weight matrix in the attention mechanism;
② Add the relative stance information between words on the basis of 1. This "location coding" provides intuitive rationality for human text reading.
The proposal of transformer makes it the strongest feature extractor in the current NLP field, which can extract semantic features more fully. Bert (bidirectional encoder representations from transformers) is a language model of bidirectional coding representation based on transformer.


For the text feature extraction algorithm proposed this year, there is a trend to establish a more perfect language model. Through the language model, we can judge whether a sentence is a reasonable sentence. For a sentence , the language model is to calculate the probability  of the sentence in the whole corpus, where represents the length of the sentence. The prediction probability of normal, smooth and coherent sentences should be greater than that of unnatural sentences. The objective function of the language model is


N-grams were often used in early studies. With the development of neural networks, context-free and training-language representation models such as Word2vec appear and replace N-grams. However, static word vector representation models such as Word2Vec and Glove cannot deal with words with large interpretation span.
Therefore, in order to solve this problem, a context sensitive language model emerged later, which combines the antecedents and context of the current word to predict the current word, such as Elmo, OpenAI GPT [17].

Among them, Elmo extracts embeddings from the bidirectional language model bilstm, which belongs to shallow bidirectional, and only superimposes the two language models from left to right and from right to left.

However, Bert uses  as the objective function to train the bidirectional multi-layer transformer encoder, which is a bidirectional deep language model.
Bert's input representation layer is special, which is formed by summing three kinds of embedding, namely token embedding (word vector), segment embedding (segment / sentence vector) and positional embedding (position vector). Where, [CLS] marks the beginning of a sentence and [SEP] marks the end of a sentence. According to these two signs, if there are two sentences in an input, the sentence vector can be divided into two parts: EA and EB. Because of the special representation of the input layer, Bert can be used directly as a text classification model or as a pre training model to deal with a variety of downstream tasks such as emotion analysis and sentence pair classification. Positional embedding is a supplement to the sequential features of transformer model language.

The output of Bert model has two forms: character based and sentence based vectors. The vector based on character level is the representation vector of each word of the input text, and the vector based on sentence level is the vector representation of [CLS].

As a very advanced semantic extraction model, Bert model has a very significant effect on stance detection task. However, simply inputting the sentence vector output by Bert model directly into softmax classifier means that it only provides the semantic information of the text for the classifier. It is easy to cause errors in stance detection on some sentences.
The existing stance detection methods take into account the stance information contained in the target topic. Augenstein [2] and others classify the target topic and twitter text after fusion based on the bidirectional conditional encoding model. The experimental results show that the introduction of the target topic helps to improve the ability of stance classification.

The attention mechanism borrows from human visual attention, that is, when humans visually scan an object, they tend to focus on a specific area of the object, but selectively ignore secondary information, and quickly screen out the information that is more critical to the current task target from a large amount of information. In recent years, attention mechanism has been widely used in many fields such as image processing, machine translation and text classification. Yue et al. [22] enhanced the stance information representation ability of microblog text on the target topic through the two-stage attention mechanism. However, word2vec could not solve the problem of word ambiguity and relatively reduced the classification accuracy. The two-stage attention model is shown in the figure below.
[image: 图示

描述已自动生成]

It is not difficult to see that the right side of the model uses a two-layer two-way LSTM network to learn syntactic and semantic features. Wherein, the forward double-layer LSTM represents the positive direction encoder, and the upper part of the input word; The reverse double-layer LSTM represents the reverse direction encoder and inputs the following words.

Therefore, the Bert model can be used instead of the right model. Output the text word vector to the left and subject word vector through Bert model, adjust the weight once through the attention mechanism, and then adjust the weight with the sentence vector output by Bert through the secondary attention mechanism, so as to achieve the effective integration of subject word vector and text sentence vector.

[bookmark: _Toc99649774][bookmark: _Hlk99620709]3.2 Opinion Summarization

LDA model
The origin of topic model is latent semantic analysis (LSA). This method approximately maps the high-dimensional document vector to a low-dimensional latent semantic space through singular value decomposition, so as to reduce the document dimension and eliminate the problems of synonymy and polysemy. 

BTM model
BTM (biterm topic model) word to topic model was proposed by Cheng Xueqi et al. In 2013 [23] is a short text topic extraction model. By aggregating the co-occurrence of words in the corpus, we can obtain a stable frequency of word co-occurrence, and then clearly reveal the correlation between words. Compared with the traditional topic model, it models the co-occurrence of words in each document, which reflects the semantic structure of the corpus in a potential way and solves the problem of sparse short text data.

If the two are compared, LDA Algorithm is better than BTM in extracting abstract data. The subjects extracted by LDA are not as many as BTM algorithm, but the accuracy of LDA is higher than BTM; BTM algorithm is better than LDA in extracting title data. The amount of text data is large. Using LDA to extract the literature collection will consume a lot of computing resources and time. Compared with the title, the information contained in the abstract is richer than the title, which can extract the literature topics more accurately. The large-scale literature collection can use the title as the corpus, which can not only save a lot of time and calculation cost, but also reflect the research method and purpose of the literature collection to a certain extent. In general, BTM model is more suitable for multi topic information extraction of short text.

There are two convenient choices for semantic clustering algorithm: 1 K-means 2.  Affinity Propagation. Compared with the classical K-means clustering algorithm, AP clustering algorithm has many unique features:
(1) It is not necessary to specify the cluster "quantity" parameter. AP clustering does not need to specify K (classical K-means) or other parameters describing the number of clusters (network structure and scale in SOM), which makes a priori experience a non essential condition for application and increases the application scope of the population.
(2) Clear centroid (cluster center point). All data points in the sample may become the centroid in the AP algorithm, called example, rather than the clustering center obtained by averaging multiple data points (such as k-means).
(3) There is no requirement for the symmetry of the distance matrix. AP starts the algorithm by inputting the similarity matrix, so it allows the data to be asymmetric, and the scope of data application is very large.
(4) The initial value is not sensitive. When the AP clustering algorithm is executed several times, the results are exactly the same, that is, there is no need to randomly select the initial value (or compare the random initial value of K-means).
(5) The complexity of the algorithm is high. Therefore, when n is large (n > 3000), AP clustering algorithm often needs to be calculated for a long time.
6.If the sum of squares of errors is used to measure the advantages and disadvantages of algorithms, the sum of squares of errors of AP clustering is lower than that of other methods. (no matter how many times k-center clustering is repeated, it cannot reach the sum of squares of errors as low as AP)

Therefore, the basic model of opinion summary will be to extract the opinion keywords of the target topic through the BTM model, and then use the affinity propagation algorithm to realize semantic clustering to divide the opinions in the social media text set, and extract the most representative text from each opinion category by integrating the factors such as opinion importance, text similarity and text length, Combine the representative opinion texts of all categories to form the opinion summary of a given target topic.

[bookmark: _Toc99649775]4  RESULTS
[bookmark: _Toc99649776]4.1 Stance detection

The metrics of precision, recall, and F-score (or F-measure) are commonly used in information retrieval and extraction research. As a comprehensive indicator of accuracy and recall rate, F-score can often intuitively reflect the prediction of the model. At the same time, the existence of the index also allows users to have a certain degree of certainty for models with different accuracy or recall requirements.

When F-score is applied to stance detection, it is often used in three-way detection, that is, F-score is calculated for consent, negation and neutrality respectively:








Therefore, the data needed for the analysis of the experimental results of this study is the confusion function of the training model for the prediction results of the prediction set and the real value.

[bookmark: _Toc99649777]4.2 Rouge evaluation method
Chin yew Lin proposed a rouge evaluation method that can automatically measure the quality of extracted text abstracts in 2004. By statistically comparing the number of overlapping units (such as n-gram, word sequence and word pair) between abstracts extracted by the model and reference abstracts, we can quantify the similarity between automatically generated abstracts and reference abstracts, so as to evaluate the effectiveness of the summary algorithm [40]. The commonly used Rouge evaluation methods include rouge-n, rouge-s, rouge-l and rouge-su.

The principle of rouge-n is to calculate the co-occurrence of n-gram in automatically generated summary and reference summary. The calculation formula is as follows:




Where N is the length of n-gram, AutomaticSummaries is the automatic summary extracted from the text model, ManualSummaries is the reference summary,  is the number of n-grams in the automatic summary,  is the number of n-grams in the reference summary, and  is the number of times a given n-gram appears in both the automatic summary and the reference summary.


[bookmark: _Toc99649778]5  EVALUATION
This topic aims to use a more effective artificial intelligence model to automatically classify the stances of comments under a given topic in social media, and further cluster the comments from different stances to extract their main views. Aiming at Bert model and double attention mechanism, this topic studies the semantic level to improve the accuracy of stance detection to a certain extent. As for opinion summarization, we focus on stance based semantic clustering. It is an exploration of the application of semantic recognition.

Limitations: From the perspective of stance detection, this topic lacks the research on user information and comment stance. At the same time, there is a lack of discussion on emotion detection, which has a certain impact on stance detection and opinion summary. For the opinion summary, this topic lacks the discussion on the influence of the word vector and sentence vector extracted by stance detection on the opinion summary.
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