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Abstract. 
Part-of-speech tagging for English composition is the basis for automatic correction of English composition. The performance of the part-of-speech tagging system directly affects the performance of the marking and analysis of the correction system. Therefore, this paper proposes an automatic scoring model for English composition based on article part-of-speech tagging. First, use the convolutional neural network to extract the word information from the character level and use this part of the information in the coarse-grained learning layer. Secondly, the word-level vector is introduced, and the residual network is used to establish an information path to integrate the coarse-grained annotation and word vector information. Then, the model relies on the recurrent neural network to extract the overall information of the sequence data to obtain accurate annotation results. Then, the features of the text content are extracted, and the automatic scoring model of English composition is constructed by means of model fusion. Finally, this paper uses the English composition scoring competition data set on the international data mining competition platform Kaggle to verify the effect of the model.

1. Introduction
Grading plays the most central role in the entire teaching process, directly reflecting the current learning situation of the teaching object, indirectly reflecting the learning ability of the teaching object, and reflecting the quality of teaching to a certain extent [1, 2]. In traditional exam-oriented education, grading plays a pivotal role, directly involving talent selection. It is more difficult to be objective in the process of scoring the composition. Composition is a narrative method that expresses the meaning of a theme through words after consideration of people’s thinking and language organization. The composition examines a person’s language, logic, and other abilities, which is the subjective and concentrated expression of the author’s overall thinking ability [3, 4]. It is not difficult to find that the scoring standards and detailed rules are descriptive except for strict and clear standards for word count and style. Therefore, the scoring process also involves the scorers’ subjective cognition and understanding of the scoring standards, and even the thinking and identification of the author’s own thoughts and language. The subjective factors and descriptive scoring criteria of the scorers make the scoring process relatively ambiguous. Therefore, it is difficult to be relatively objective in composition scoring through manual scoring [5, 6].
In view of the various problems existing in traditional English writing teaching, the English automatic scoring system came into being [7, 8]. Especially in recent years, with the continuous in-depth research of NLP technology, ML, IR technology, etc., some experts and scholars at home and abroad have also applied these technologies to the automatic composition scoring system, making the automatic scoring system gradually powerful and the credit of the score. The degree and validity have been greatly improved. The most representative automatic scoring systems abroad include Project Essay Grade (PEG) [9], Intelligent Essay Assessor (IEA) [10], and E-rater scoring system [11]. The excellent automatic scoring system combined with the function of text error correction [12, 13] can reduce human workload and greatly save human and material resources. The research on the automatic scoring method of English composition has always been a challenging and constantly improving task.
The performance of the part-of-speech tagging system directly affects the scoring and analysis performance of the correction system. At the same time, part-of-speech tagging will also affect the system’s syntactic analysis, spelling error detection, text fluency, and article scoring modules. Therefore, this paper proposes an automatic scoring model for English composition based on article part-of-speech tagging. First, use the convolutional neural network to extract the word information from the character level and use this part of the information in the coarse-grained learning layer. Secondly, the word layer vector is introduced, the residual network is used to establish the information path, and the coarse-grained labeling information is combined with the word vector information. Third, the model relies on the recurrent neural network to extract the overall information of the sequence data to obtain accurate annotation results. Finally, the features of the text content are extracted. Taking into account the timeliness of the feedback results and the accuracy of prediction, this paper chooses to use a simple and efficient Bagging method to integrate the three models (Random Forest, GBDT, and XGBoost) that automatically score English compositions, and each model is multiplied by a certain weight. Then add up to get the final output to realize the construction of the automatic scoring model of English composition.
2. Related Works
Natural Language Processing (NLP) is an important direction in computer science and artificial intelligence. It studies all kinds of theories and methods that can realize the effective communication between humans and computers by natural language. Natural language processing is mainly used in machine translation, public opinion monitoring, automatic summary, opinion extraction, text classification, question answering, text semantic comparison, speech recognition, Chinese OCR, and other aspects. Machine learning is a multidisciplinary interdisciplinary major covering probability theory, statistics, approximate theory, and complex algorithms. It uses computers as a tool and is committed to simulating human learning in real time and divides the existing content into knowledge structures to effectively improve learning efficiency. Automatic English essay grading uses natural language processing techniques to allow a computer system to give appropriate scores for the target essay. Therefore, this paper adopts natural language processing technology and machine-learning technology to study English writing.
Automatic composition scoring is an automated scoring of composition using information technology. There are two typical application scenarios for general composition automatic scoring technology:(1)Carry out automatic grading work in standardized grade examination as an auxiliary tool for manual grading and give grading suggestions(2)It acts as a teaching tool in the process of language teaching and provides meaningful appraisal and comments for students’ compositions
Its purpose is to solve the various drawbacks of manual scoring mentioned above. The main essay automatic scoring systems or technologies at home and abroad are as follows:
2.1. Project Essay Grader (PEG)
PEG [14, 15] extracts some simple and easy-to-extract features of the article to quantify the article, using features such as article length, word length, and punctuation.
The PEG system uses machine-learning methods to complete the scoring process, including two stages of training and scoring. That is the training and application of the model. The training sample of the PEG system consists of 100 to 400 essays scored by experts. Feature extraction is performed on these essays to obtain the weight of each feature to build a model. In the application stage, PEG performs feature extraction on the articles to be evaluated and brings them into the trained regression model to obtain the final score. The PEG system can finally achieve an R-value of 0.87 inconsistency, which can be said to be a good simulation and close to the real scoring result.
However, because PEG uses a large number of simple indirect features to characterize the article, it cannot abstract the article from the more in-depth semantic features of the article, so the PEG system is easy to deceive, as long as it simply satisfies the simple indirection extracted by the PEG system. Features can get a good score on the PEG system.
2.2. Intelligent Essay Assessor (IEA)
The IEA system [16, 17] can analyze the specific meaning of words and phrases in the text. Moreover, developers believe that the meaning of an article is largely determined by the words used in the article. That is to say, the article changes the meaning of the article itself through word changes. LSA believes that these two phenomena are generally prominent in articles. One is the synonymous phenomenon where the same meaning is described by different words, and the other is the ambiguity phenomenon where the same word describes different meanings. Therefore, LSA believes that a word has multiple candidate semantic spaces, and the true meaning of the word is difficult to determine.
With the representation of the article, the article can be classified effectively. If an article needs to be scored, then the IEA needs enough articles in the same category that have a score, and the final score is based on the correlation between the article to be scored and the article that has been scored. In certain areas, the accuracy of the IEA score can reach above 0.85.
The IEA system analyses the article from the perspective of semantics, but the final method of expressing the article regards the article as a disordered combination of words, ignoring the textual structure characteristics of the article, the connection between words and sentences, sentences and sentences. The statement is obviously one-sided.
2.3. E-Rater System
E-rater [18, 19] is the first system to be applied to a wide range of standardized grade examinations. The core technology of E-rater includes two directions: artificial intelligence and natural language processing. Artificial intelligence means that the system uses an excellent machine-learning model to simulate artificial scoring, while natural language processing technology provides support for the extraction and analysis of feature variables in the model.
E-rater contains three core modules, syntax, and discourse and analysis modules. Syntactic analysis can extract the structural features of sentences and analyze the grammatical phenomena in the article, such as the analysis of clauses. Discourse analysis is to divide the article through obviously related words and get the discourse structure of the article. Thematic analysis is by characterizing the vocabulary in the article. All these three types of features dialect an article as a feature variable and then train the regression model to get a scoring model. The accuracy of the E-rater can reach an astonishing 0.97.
2.4. Intellimetric Automatic Scoring System
Intellimetric [20, 21] combines the strengths of artificial intelligence, natural language processing, and statistical technology and is a learning machine that can internalize the collective wisdom of expert raters.
The development of the whole system is a process of artificial scoring simulation. Intellimetric tries to restore the various steps of manual scoring to approach the final score on the score. The whole system constructs a feature-screening module, which tries to candidate features during the training process, finally determines the effective features, and makes the existing features more effective and accurate.
The candidate feature set contains more than 300 article-related features, and the screening module performs feature screening among these candidates. The final scoring model can reach an accuracy rate of over 0.97.
2.5. Bayesian Essay Test Scoring System (BESTY)
BESTY [22, 23] uses the Bayesian classification model as the basic machine-learning model and grades the composition through classification. BESTY claims to use the most core features of the existing mature automatic scoring system as its own feature variables to abstract articles and finally achieve article scoring, here for the corresponding level classification task.
2.6. Domestic Research on Automatic Scoring of Composition
Bridgeman and Ramineni [24] used a cross-validation method to analyze a total of 320 articles, borrowed from the characteristics of PEG and other systems, and included a large number of shallow language features of articles, constructed an automatic scoring model for English composition, and finally achieved the accuracy rate exceeds 0.84. Roscoe et al. [25] used linear regression to construct a composition scoring system in which Chinese is the second foreign language based on more than 1,000 samples and achieved a score correlation of 0.6. Li et al. [26] conducted related research on automatic composition scoring with semantic analysis as the core. After scoring the semantics of the article, it is found that the semantic score has a correlation of 0.5 with the final manual score of the composition.
3. Automatic Scoring Model for English Composition Based on Part-of-Speech Tagging
3.1. Part-of-Speech Tagging
In the field of natural language processing, part-of-speech tagging technology is a very important part, which can help us obtain the part-of-speech of each word in the sentence so that we can count the part-of-speech characteristics of the text. The syntactic analysis allows us to obtain the syntactic structure of a sentence and analyze the number of clauses, gerund phrases, etc., in the sentence. Stop word filtering technology can help us to remove stop words that are not helpful to the semantic information of the content, to reduce the interference of the text content with real semantic information.
Parts-of-speech tagging is the process of determining the grammatical category of each word in a given sentence, determining its part of speech, and adding a tag [27]. Part-of-speech tagging is a very basic work. It can describe the role of a word in the context. It is the basis of grammatical analysis and semantic analysis. Therefore, part-of-speech tagging is also a very important task. The quality of the tagging results will be directly affect the performance of the entire system. We call the tool used to complete the part-of-speech tagging work the part-of-speech tagger, and the set of tags used for specific tasks is called the tag set.
The part-of-speech tagging for English composition is the basis for automatic correction. The performance of the part-of-speech tagging system directly affects the performance of the marking and analysis of the correction system. It is especially important for grammatical error detection. Because the grammatical rules in grammatical error detection are mainly determined by the part of speech and the word itself, at the same time, part-of-speech tagging will also affect the system’s syntactic analysis, spelling error detection, text fluency, and article scoring modules.
As shown in Figure 1, the model first uses a convolutional neural network to extract word information from the character level and uses this part of the information in the coarse-grained learning layer. Then, the word-level vector is introduced, and the residual network is used to establish an information path to integrate the coarse-grained annotation and word vector information. Finally, the model relies on the cyclic neural network to extract the overall information of the sequence data to obtain accurate annotation results.


	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
	
	
		
		
	
	
		
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
		
	
	
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
	
	
		
		
	
	
		
	
	
		
		
	













Figure 1: Part-of-speech tagging model based on recurrent neural network.


3.1.1. Word Feature Extraction
When using neural networks to process text data, you first need to digitize or vectorize words. Many network structures map words into a data vector. Among them, the network structures of skip-gram and continuous bag-of-words are simple and efficient.
This paper designs a CRNN to vectorize words from the character level. Because a character is the smallest unit that makes up a word, and the total number of characters is a limited set, representing the word from the character level can fundamentally solve the problem of unregistered words. As shown in Figure 2, taking the input “this” as an example, first, the word is decomposed according to characters, and each character is mapped into a vector. Then combine the vectors of each character to get the word matrix. Finally, through the process of convolution, pooling, and recurrent neural network feature extraction, the final CRNN word vector is obtained.


	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
		
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
	
	
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
		
	
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
		
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
	
	
	
	
		
	
	
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
	

Figure 2: CRNN network structure.


3.1.2. Coarse Learning
From the perspective of deep learning, the underlying prior knowledge factors that can explain data changes are often shared across two or more tasks; at the same time, because of parameter sharing, the statistical strength of parameters can be greatly improved, and the generalization can be improved.
The labeling model in this paper divides the labeling process into shallow and deep multitask learning processes. First, roughly label the data. Then further divide the labels of the same category. This division method can effectively mark the part-of-speech information of English composition and other corpora. The model in this paper classifies the annotation tags in a coarse-grained manner.
3.1.3. Establishment of Information Channel
The model in this paper divides the labeling into two parts. First, perform rough labeling, and then use the roughly labeled information for fine-grained labeling. In the fine-grained annotation, the original input information is extracted and filtered, and some features are not used in the final fine-grained annotation. Moreover, as the depth of the network increases, the difficulty of training the network increases.
The residual network establishes an information path by setting a threshold function, allowing information to be transmitted across the network layer. Therefore, this article combines the residual network to divide the network level and establish the information path in different network layers. Compared with the direct accumulation of the two layers, the established path plays a major role in the propagation of the gradient, thereby reducing the training complexity of the model.
3.1.4. Batch Normalization
In the training of the deep network, the input of each layer of the network will change the data distribution due to the change of the previous layer of network parameters. This requires that the model must use a small learning rate for network training, and the parameters need to be initialized well. Nevertheless, doing so will make the training process slow and complicated. In the model in this paper, Batch Normalization is introduced to batch normalize data.
In the sequence-labeling model in this article, the input of the second layer of BLSTM consists of three parts:(1)The output of the first layer of BLSTM(2)Vector information at the word level of the original data(3)Character-level vector information extracted by CRNN
When combining these three parts, you need to perform the Batch Normalization operation separately to standardize the data distribution. As shown in Figure 3, the network model uses CRNN to extract character-level vector information from the input sentence and then obtains the rough label information in the rough labeling part. The original word vector and the character extracted by CRNN form the input of the second layer of BLSTM. Compared with direct splicing as input, the model in this paper performs Batch Normalization operations on these three parts, respectively.


	
	
		
		
		
	
	
	
		
		
	
	
	
		
		
	
	
	
		
		
		
	
	
	
		
		
		
		
		
	
	
	
		
		
		
		
		
	
	
	
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

Figure 3: Batch normalization.


3.2. Automatic Scoring Model for English Composition
The overall design of the English composition scoring model is shown in Figure 4. It is mainly composed of four parts, namely the subtitle degree feature generation module, the content text feature generation module, the nontext feature generation module and the machine-learning model prediction module.


	
		
	
	
		
	
	
	
		
	
	
		
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
		
	
	
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
		
	
		
	
	
		
		
		
		
		
		
			
		
			
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
	
		
	
	
		
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
		
	
	
	
	
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
		
	
		
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
			
		
			
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	













Figure 4: Automatic scoring model for English composition.


3.2.1. Deduction Degree Feature Generation Module
For i-th feature item fi of text A, if fi appears m times in text A, its AF value is as follows:
Taking into account the difference in length of articles, in order to facilitate comparison between articles, it is generally necessary to standardize the word frequency:
AF_F value is the frequency of feature item fi appearing in global text GA, namely,
For the feature item fi, the corresponding feature item weight is as follows:
TF-IDF weight comprehensively considers the distinguishing ability and frequency of feature items.
3.2.2. Content Text Feature Generation Module
For the generation of content text features, this article first uses the Wikipedia English corpus to train the model on word2vec. Then input the composition text to get the corresponding word vector set of the composition text. Then randomly select the cluster centres. In addition, iteratively calculate the category to which each word belongs and adjust the cluster centre until convergence. After clustering these word vectors, the number of words in the word category after the word vector clustering, the size of the vocabulary and the distribution of words are calculated as features.
The model is trained on word2veC using the English corpus of Wikipedia and the number of clusters is set to k. The algorithm flow is as follows:(1)Use the model to generate the word vector of the text, and set the word vector set of the text as , where ti is the word vector of the text word.(2)Randomly select c cluster centres .(3)For each , calculate the category to which ti belongs:(4)For each , adjust the cluster centre Ji:(5)Judge whether the cluster centre does not change anymore, and output , otherwise return to step 2).
3.2.3. Nontext Feature Generation Module
For the generation of nontext features, the text attributes of words can be obtained through syntactic analysis, and the number of words in the composition text, the number of text words after removing repeated words, the average length and variance of words, the number of nouns, the number of verbs, and adjectives can be counted. Nontext features are divided into two levels of words and sentences, mainly including lexical features and syntactic features.
3.2.4. Machine Learning Model Prediction Module
Model fusion is a manifestation of ensemble learning, and it is a very common technique for improving performance in various data mining competitions. Usually, the results can be improved in various machine-learning tasks.
Taking into account the timeliness of the feedback results and the accuracy of prediction, this paper chooses to use a simple and efficient Bagging method to integrate the three models that automatically score English compositions. Each model is multiplied by a certain weight. Then accumulated to get the final output. This weight is to select the optimal parameter as its corresponding weight after debugging through the offline test set. Assuming that the random forest predicted value is a, the GBDT model predicted value is b, and the XGBoost model predicted value is c, the final predicted value of the model is as follows:
The weights , , and  are obtained through offline test set training, and their sum is one.
4. Results and Discussion
4.1. Data Set
The data set of this research is publicly available on Kaggle, which is a public platform for machine-learning competitions. We can register an account for free to download the training data of the competitions held by it. This data set is the English composition of first language learners in grades 7–10 and contains eight subsets. Each subset has independent data, independent topics, and different average article lengths.
As shown in Table 1, the article types are mainly discussion, narrative, explanation, and question answering. Essays, narratives, or expository essays require the author’s article to describe a story or news. While answering questions requires the author to read a paragraph of material first and then write an article based on the questions and requirements given at the end of the reading material. The themes of the eight data subsets are different. Among them, subset 1 asks to talk about the impact of computers on life. Subset 2 is about whether the library needs to review the content of the book. Subset 3–6 is to read the material first and then write the essay according to the prompts. Subset 7 requires writing a story about patience. Subset 8 shows that laughter is an important element in interpersonal relationships, and an article about laughter is required.
Table 1: Data set description.
	

	Data subset	Article type	Article author grade	Full marks	Number of articles
	

	1	Essays, narratives, explanatory essays	8	12	2001
	2	Essays, narratives, explanatory essays	10	6	1678
	3	Answer questions based on source article	10	3	1988
	4	Answer questions based on source article	10	3	1654
	5	Answer questions based on source article	8	4	1768
	6	Answer questions based on source article	10	4	1802
	7	Essays, narratives, explanatory essays	7	30	1569
	8	Essays, narratives, explanatory essays	10	60	723
	



4.2. Parameter Settings
Before the neural network is trained, the hyperparameters in the neural network are initialized. First, both the character vector and the word vector need to be initialized. In addition, in order to prevent overfitting, it is also necessary to set up dropout and control the learning rate. For the initialization of the word vector, we choose to use the GloVe vector table with better performance, which is obtained from text training containing 6 billion words from websites such as Wikipedia. The character-level vectored representation uses average distribution for random initialization. That is, each dimension of each character vector is a value between zero and one.
When training the neural network, add a dropout layer to the input and output layers of the recurrent neural network to control network training to prevent overfitting. The ratio of dropout is set to 0.5. In the experiment, the same applies to whether to use dropout. In the model, some hyperparameters are set as shown in Table 2. Among them, the dimension of the hidden layer is set to 200. The model is trained using the Adam optimization algorithm, and each batch is set to 10. Initialize the learning rate to 0.01. In this paper, a Bayesian optimization algorithm is used to optimize the super parameters. First, assume a search function based on the prior distribution. Then, each time the result sampling point is used to test the objective function, this information is used to update the prior distribution of the objective function. Finally, the algorithm tests the point where the global maximum value given by the oil posterior distribution is likely to occur. In this case, the parameter that satisfies the condition is the optimal parameter.
Table 2: Hyperparameter settings.
	

	Dropout rate	0.5
	

	Batch size	10
	Initial learning rate	0.01
	Decay rare	0.2
	Dimension	100
	



4.3. Result Analysis of Part-of-Speech Tagging
In this paper, we conduct comparative experiments based on the labeling model of recurrent neural networks. As shown in Figures 5 and 6, analyze and discuss the effectiveness of each structure in the network structure, and analyze the effectiveness of the network in different labeling tasks. At the same time, according to the comparison of part-of-speech tagging on different corpora, the versatility of the analysis model when processing different corpora is shown in Figure 7. The results of this paper are compared with the literature [28], the part-of-speech tagging algorithm of the maximum entropy model [29], the part-of-speech tagging algorithm of the hidden horse model [30], and the part-of-speech tagging algorithm based on SVM [31].


	
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
	
	
		
		
		
	
	
	
		
		
		
		
		
	
	
	
		
		
		
		
		
		
	
	
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
	
		
	
		
	
		

Figure 5: The accuracy of part-of-speech tagging in WSJ corpus for different network structures.
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(c)
Figure 6: Results of named entity recognition in WSJ corpus for different network structures.




	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
		
	
		
	
		
	
		
	
	
	
	
	
	
		
	
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
		
	
	
		
	
	
	
	
	
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
		
	
	
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
	
	
		
		
		
		
		
	

Figure 7: The accuracy of the model in Pigai corpus for part-of-speech tagging.


As shown in Figures 5 and 6, the basic network is designed to use word-level vector information to connect two layers of BLSTM and introduce a residual network structure between the two layers of BLSTM. Based on the basic network, after introducing a coarse-labeled supervision layer, in a single training, two-parameter update processes will be included, and the introduced coarse-grained labeling will supervise the network, which improves the accuracy of the labeling. However, in the above network, the input of the second layer BLSTM consists of two parts, and the data distribution of the two parts is not uniform. After the introduction of Batch Normalization, the standardization of the two parts of the input is realized. At this time, the network structure (BRCBN) has improved the accuracy of labeling. The first three network models all have the problem of unregistered words. During training, the word vectors of unregistered words have been in an untrained state. The labeling results of these words have nothing to do with the network structure and tend to be randomized. Immediately after the introduction of CRNN in the experiment, the words were vectored from the character level, and these problems were solved by learning the relations of the composition of the words. The accuracy of this network (BCRCBN) in the part-of-speech tagging experiment reached 0.976, and the F1 value in the named entity recognition experiment reached 0.913.
When traditional network models are annotated in a special corpus, the accuracy of the annotation is often insufficient because of the corpus. For example, using the Senna model [32], which first uses a convolutional neural network for character information extraction, and then uses a feedforward neural network for labeling. When the composition corpus is part-of-speech labeling, the labeling accuracy is 0.953. Akhil et al. [27] used a multilayer neural network to divide the labeling process into two steps. In addition, in the last layer, CRF is used for labeling. When the written English composition corpus is labeled with a part of speech, the labeling accuracy reaches 0.956. Compared with previous work, the accuracy of the model in this paper reaches 0.976, as shown in Figure 7. Therefore, even if the corpus containing English grammatical errors is labeled, the model in this paper can still maintain a high labeling accuracy.
As the complexity of the model increases, the model in this paper introduces dropout to solve the overfitting problem, as shown in Figure 8(a). In the experiment, compared to the results without dropout, dropout can significantly alleviate overfitting the problem. This is because dropout randomly makes the weights of some hidden layer nodes in the network not work and limits the weights to achieve a regular effect.
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(b)
Figure 8: The influence of Dropout and dimension. (a) The role of Dropout. (b) The role of GloVe dimension.


In terms of word vector selection, the model in this paper uses GloVe’s 50-dimensional, 100-dimensional, and 300-dimensional word vector for comparison experiments, and compares with the random initialization method, as shown in Figure 8(b) below show, finally choose to use a 100-dimensional vector to initialize the word vector in the model.
4.4. Result Analysis of the Automatic Scoring Model
Using nontext features, this paper separately trains the model on eight composition subsets and predicts the test set scores and calculates the corresponding twice-weighted Kappa value. The experimental results are shown in Figure 9.
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(b)
Figure 9: Results of nontext features in each essay set. (a) In all composition data sets. (b) In different composition data sets.


It can be seen from Figure 9 that, on all the composition data sets, the random forest has the largest second-weighted Kappa value, followed by XGBoost, and the gradient boosting tree has the lowest result. This is because each composition subset only has more than 1,000 essays, and all composition subsets add up to more than 10,000 samples, and the data involved in training the model is still not sufficient. Two models, such as gradient boosting tree and XGBoost, are implemented based on the Boosting method, so when the amount of data is small, the model is prone to overfitting the data. That is, the model is relatively complicated, and too much consideration of the individuality of the sample will cover the commonality of the sample, resulting in a poor prediction effect. The random forest is based on the Bagging method, which uses the results generated by multiple decision trees to generate prediction results in the form of voting or averaging. In this way, even when the amount of training sample data is small, it can still effectively avoid overfitting and reduce variance. Therefore, random forests can show better prediction effects when the amount of data is small. We believe that the XGBoost model increases the regularization term of the cost function to control the complexity of the model and limit the number of leaf nodes of the tree, which can effectively prevent overfitting. In addition, the XGBoost model also draws on the random forest column sampling method, which can also effectively prevent overfitting. Therefore, although it is also a model based on the Boosting idea, the effect of the XGBoost model is better than the gradient boosting tree model. It can be seen that in combinatorial subsets 4 and 8, the quadratic weighted Kappa value of the XGBoost model is slightly higher than that of random forest. In combination 8, the quadratic weighted Kappa values of the three models are relatively low. The author analyses that this is related to the larger scoring range of the composition set 8. When the scoring range is larger, the corresponding error will be magnified.
5. Conclusion
This paper proposes an automatic scoring model for English composition. The method uses a convolutional neural network to extract word information from character level and uses features for coarse-grained learning layer. Then, word-level vectors are introduced to integrate coarse-grained annotations with word vector information. Then, RNN is used to extract the overall information of the sequence data. Considering the timeliness of feedback results and the accuracy of prediction, this paper chooses a simple and efficient Bagging method for linear fusion of random forest, GBDT, and XGBoost. Each model is multiplied by a certain weight and then added up to get the final output so as to realize the construction of the English composition automatic scoring model. The experimental results show that the automatic scoring model proposed in this paper has achieved a good accuracy of POS tagging, which reaches 0.976.
Although this paper has achieved better experimental results, but the open dataset is still used. But the public dataset contains a limited amount of data. Our next research plan is to build our own database and train the algorithm in multiple databases to enhance the robustness of the algorithm.
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