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Abstract

This study aims to improve the quality and efficiency of essay grading for elementary
and middle school students by introducing advanced natural language processing mod-
els to detect, correct malformations in sentences, and score fluency in essays. Also,
models were built for three specific tasks. In Task 1, a method of grammatical er-
ror replacement was proposed for data augmentation, followed by the identification of
types of language maladies based on the UTC model. In Task 2, the integration of
the pretrained BART model and SynGEC strategy was implemented for text correc-
tion, fully utilizing BART’s generative capabilities and SynGEC’s grammatical cor-
rection features. In Task 3, the essay’s fluency grading was conducted based on the
TextRCNN-NEZHA model, building a classifier that integrates semantic information.
Upon evaluation, the methods proposed in this paper ranked first in Tasks 1 and 2 and
second in Task 3, demonstrating the effectiveness of the proposed methods in identify-
ing and correcting malformations in sentences, as well as providing a reasonable fluency
rating for essays.
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Model Micro-F1 | Macro-F1 | Score
baseline (BERT-base-zh) | 46.36 22.88 34.62
UTC 51.83 25.46 38.64
UTC+EEE 75 56.42 40.54 48.48

Table 4: Task13E55 455
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Model EM | PPL | LS | BLEU | Bert | Pre | Recall | F0.5 | Score

BART 8.18 | 15.72 | 2.85 | 85.67 96.85 | 27.21 | 23.67 26.42 | 35.71
BART-SynGEC | 19.32 | 15.68 | 1.63 | 91.28 97.86 | 55.15 | 33.45 48.81 | 47.01
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Model Acc | Pre | Recall | F1 QWK | AvgScore
Baseline(BERT-base-zh) 45.52 | 41.42 | 39.15 38.57 | 0.1543 | 44.48
TextRCNN-NEZHA 51.66 | 67.98 | 41.29 38.40 | 0.2008 | 46.71
TextRCNN-NEZHA+DCE 52.17 | 44.27 | 42.63 41.30 | 0.2330 | 48.63
TextRCNN-NEZHA+DCE+MulDrop | 51.41 | 46.24 | 45.64 45.62 | 0.2330 | 50.56
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oot X, AR SR H A Text RCNN-NEZHA+DCE+MulDropt& A 4 H, FBaseline,
HEFIFIQWK S BIHEFF7.05+ 0.0787, UEBARTIR A ERE S -
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