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Abstract

Abstract

With the continuous evolution of Internet technology, the amount of text
information has grown exponentially, and screening and reading these vast information
resources has become time-consuming and laborious. Nowadays, quickly filtering
important information from numerous texts and effectively utilizing it has become an
urgent issue to be solved. Driven by this demand, automated text summarization
technology has begun to demonstrate its importance. This technology can help users
quickly grasp the core essence of a large amount of text, significantly reducing the
complexity of information processing and reading, and is therefore considered a key
technology in the field of natural language processing. However, this technology still
faces many challenges, such as insufficient extraction of key information, low overlap
between the abstract and the main idea of the original text, and issues such as
information omission and sentence incoherence when processing text. In view of this,
it is particularly important to conduct in-depth research on current text summarization
techniques and seek improvements. The main research content of this article is as
follows:

1.To enhance the Informer model's ability to process topic information. This
article is based on the classic attention mechanism and incorporates topic information.
Firstly, the LDA (Latent Dirichlet Allocation) topic model is used to identify the
distribution of topic words in the text, and a topic similarity matrix is established based
on this. Next, use this topic similarity matrix to optimize attention weights, allowing
the model to grasp the topic relevance of vocabulary in the text, and then generate
summaries containing distinct topic information. In addition, this article also adopts a
pointer network mechanism to directly copy non dictionary vocabulary from the
original text into the abstract, improving the stability of abstract generation. After
comparing experimental data, it was shown that the optimized Informer model
outperformed the baseline model in terms of ROUGE evaluation indicators, verifying

the effectiveness of the model.



Abstract

2.In order to overcome the difficulties encountered by the Informer model in
automatic summary generation due to insufficient training feedback, this paper first
uses NERNIE to obtain dynamic word vector representations, improving the
information contained in word vectors. Then, an automatic summarization model based
on reinforcement learning strategy was designed. Utilizing the self critical strategy
gradient algorithm in reinforcement learning to improve the quality of model generated
summaries. The ROUGE score of the generated abstract and the semantic similarity
with the reference abstract were fed back into the model training as rewards. Finally,
experiments were conducted on a standard dataset, and the experimental results
confirmed that the method based on reinforcement learning strategy gradient can
effectively improve the performance of the generated abstract.

Keywords: Deep Learning; Automatic Summary; Informer; Reinforcement

Learning; Attention mechanism
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