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Tab.3 Performance comparison results of different methods
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Evaluation and Optimization of Landslide Dam Breaking
and Flood Peak Parameter Models

JIAO Xu, FENG Zhenyu, LIAO Haimei "
( College of Civil Engineering, Guizhou University, Guiyang 550025, China)

Abstract; Landslide dams are generally caused by the fact that unstable geological bodies like landslide quickly
accumulate and block rivers, which pose a great threat to the safety of people ’s life and property in the
downstream area after the breach. Therefore, establishing a fast and accurate prediction model of breach
parameters is necessary for hazard prevention and mitigation. In this paper, 75 cases of landslide dam failure
including parameters like dam height, reservoir capacity, peak discharge of breach and erosion coefficient of dam
body were collected. The mean square error E,,, correlation coefficient R* and percentage deviation Py, were
used to compare and analyze the prediction effect of representative parameter models of earth-rock dam and
landslide dam. Through regression analysis, a new prediction model of dam breach depth and peak discharge is
established, and the new model is compared with the existing models. Finally, the applicability of the model is
verified in actual cases. The results show that the single parameter, double parameters and earth-rock dam
models in the existing models are not effective in predicting the dam break parameters, but the parameter model
considering the erosivity of the dam has high accuracy. The prediction effect of the new model established in this
paper has been improved with wider application, and the prediction results can provide theoretical reference for
disaster prevention and mitigation measures of landslide dams.

Key words: landslide dam; peak discharge; depth of breach; parameter model

CQA Expert Discovery Method Based on Interest
and Expertise Modeling

DING Qiu'*, YAN Xin“"?, LIU Yanchao’, XU Guangyi*, DENG Zhongying'
(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;
2. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China;
3. The Information Technology Center, HuBei Engineering University, Xiaogan 432000, China;
4. Yunnan Nantian Electronic Information Industry Co. , Ltd. , Kunming 650040, China)
Abstract: The existing question answering community expert discovery methods model user interest by learning
the one-way information of the question sequence answered by users, ignoring the volatility of user interest,
which will affect the accuracy of modeling for users who have answered fewer questions. In addition, the role of
semantic relevance of historical answers and questions in evaluating user performance is not considered.
Therefore, in this research a CQA expert discovery method based on interest and expertise modeling is proposed.
First, BERT4Rec is used to learn the two-way information of the recent question sequence answered by users to
obtain the recent dynamic interest representation. Secondly, this research builds a user social network, and gets
the long-term interest expression of users using DeepWalk algorithm to learn the network structure characteristics.
Then, the user professionalism evaluation network is constructed, and weighting corresponding questions is
calculated according to the semantic correlation between user answers and questions and feedback information.
The attention mechanism is also introduced to focus on the user’ s performance on issues similar to the new
questions, and the user professionalism is expressed. Finally, the user’ s recent dynamic interest, long-term
interest and professional expression are combined to match with new questions for scoring, so as to identify users
who are willing to accept the invitation and can provide high-quality answers to new questions. The experiment
shows that this method has achieved good performance; compared with the baseline method, the MRR evaluation
indexes of English, 3dprinting and Tianya Q&A datasets are improved by 5.2% , 2.7% and 16. 1% respectively.

Key words: CQA; expert discovery; dynamic interest modeling; social networking; professional modeling



