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Fig.1 Differences and connections between deep learning and other machine learning methods
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Abstract: [Purpose/Significance] Deep learning for language modeling is one of the major methods and advanced technologies to
enhance language intelligence of machines at present, which has become an indispensable important technical means for automatic
processing and analysis of data resources, and intelligent mining of information and knowledge. However, there are still some difficulties
in using deep learning for language modeling for technology development and application service in the library and information science
(LIS) field. Therefore, this study systematically reviews and reveals the research progress, technical principles, and development
methods of deep learning for language modeling, with the aim at providing reliable theoretical basis and feasible methodological paths
for the deep understanding and application of deep learning for language modeling for librarians and fellow practitioners.
[Method/Process] The data used in this study were collected from the WOS core database, CNKI literature database, arXiv preprint
repository, GitHub open-source software hosting platform and the open resources on the Internet. Based on these data, this paper first
systematically investigates the background, basic feature representation algorithms, and representative application development tools of
deep learning for language modeling, reveals their dynamic evolution and technical principles, and analyzes the advantages and
disadvantages and applicability of each algorithm model and development tool. Second, an in-depth analysis of the possible challenging
problems faced by the development and application of deep learning for language modeling was performed, and two strategic
approaches to expand their application capabilities were put forward. [Results/Conclusions] The important challenges faced by the
application and development of deep learning for language modeling include numerous parameters and difficulties to adjust accuracy,
relying on a large amount of accurate training data, difficulties in making changes, and the intellectual property and information security
issues. In the future, we will start from two aspects of specific domains and feature engineering to expand and improve the application
capabilities of deep learning for language modeling. Specifically, we focus on consideration of the collection and preparation of domain
data, selection of model architecture, participation of domain experts, and optimization for specific tasks, in order to ensure that the data
source of the model is more reliable and secure, and the application effect is more accurate and practical. Moreover, the strategic
methods for feature engineering to expand the application capabilities of deep learning for language modeling include selecting
appropriate features, feature pre-processing, feature selection, and feature dimensionality reduction. These strategies can help improve
the performance and efficiency of deep learning for language models, making them more suitable for specific tasks or domains. To sum
up, LIS institutions should leverage the deep learning for language modeling related technologies, guided by the needs of scientific
research and social development, and based on advantages of existing literature data resources and knowledge services; they should
carry out innovative professional or vertical domain intelligent knowledge management and application service, and develop technology
and systems with independent intellectual property rights, which is their long-term sustainable development path.

Keywords: deep learning; language model; neural network; pre-trained model; word embedding
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