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Table 1 Statistics of four datasets
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i B o it
Bitcoin-Alphs 3 783 22 490 1 696 0.93
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Table 2 Experimental results of SNEDA and other algorithms on four datasets
. Bitcoin-Alphs Bitcoin-OTC
H Accuracy F1 Macro-F1 AUC Accuracy F1 Macro-F1 AUC
DeepWalk 0.926 5 0.958 6 0.495 7 0.646 6 0.736 8 0.821 3 0.418 4 0.568 5
SiNE 0.925 8 0.968 9 0.624 9 0.862 8 0.895 6 0.920 4 0.687 9 0.857 1
SGCN 0.810 6 0.899 4 0.663 5 0.848 9 0.901 6 0.930 8 0.703 1 0.860 0
SNEA 0.9250 0.971 2 0.679 2 0.880 0 0. 806 8 0.948 8 0.762 8 0.874 9
SiGAT 0.945 5 0.971 4 0.68 0 0.878 8 0.912 6 0.956 8 0.715 8 0.864 4
SDGNN 0.939 5 0.96 8 0.6155 0.856 6 0.886 1 0.9357 0.739 4 0.850 7
SNEDA 0.954 6 0.975 8 0.737 6 0.911 5 0.907 2 0.951 8 0.768 9 0.881 5
ok Slashdot Epinions
Accuracy F1 Macro-F1 AUC Accuracy Fl1 Macro-F1 AUC
DeepWalk 0.711 8 0.8211 0.425 6 0.536 0 0.814 9 0.889 1 0.455 6 0.528 8

SiNE 0.754 8 0.857 9 0.681 7 0.709 9 0.845 1 0.915 6 0.5455 0.732 8
SGCN 0.807 5 0.876 1 0.732'5 0.8419 0.873 4 0.926 5 0.731 6 0.858 7
SNEA 0.818 7 0.881 8 0.747 8 0.860 9 0.892 4 0.937 0.783 1 0.896 2
SiGAT 0.827 3 0.888 9 0.750 7 0.867 5 0.903 5 0.943 5 0.807 4 0.911 0
SDGNN 0.832 4 0.892 5 0.756 0 0.873 7 0.9112 0.947 5 0.824 1 0.921 4
SNEDA 0.832 8 0.892 6 0.757 8 0.871 0 0.918 3 0.952 0 0.838 7 0.930 6
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Figure 5 SNEMA model hyperparametric analysis
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Abstract: Network node embedding is mapping nodes in a network to a low-dimensional vector representation, so
that vector space-based learning methods can be directly applied to handle downstream tasks such as link predic-
tion. Most of the existing network node embedding models were for unsigned networks and could not be directly
used to deal with signed networks (usually need to be converted into unsigned networks for processing, thus discar-
ding a lot of valuable information embedded in the positive and negative signs on the edges). A node embedding
model (SNEDA ) based on graphical neural networks was proposed that could directly deal with symbolic networks.
Based on structural balance theory and status theory, the paths between nodes were divided into 20 different motif
structures according to the direction and the positive and negative information on the edges. A network propagation
model was designed with two levels of attention mechanism, which could capture the contribution and influence of
different neighboring nodes to the vector representation of node ¢ by node-level attention mechanism when aggrega-
ting the direct neighboring information of node i, and captured the vector representation of different motif to node i
by path-level attention when aggregating the second-order and higher-order neighboring information of node i. A
two-level attention mechanism was introduced to integrate different contributions and influences at the node level
and path level, which could it not only improve the time efficiency of the algorithm but also make the final vector
representation of node i more beneficial to improve the prediction accuracy of the downstream link prediction task.
Through experiments conducted on four real social network datasets, the SNEDA model improved the AUC and F1
metrics by about 3. 1% and 1. 1%, respectively, compared with the benchmark model, and the results showed that
the network representation obtained by the model could improve the accuracy of link prediction.

Keywords: signed network; graph neural network; graph attention networks; network embedding; link prediction

(b5 21 1)
Urban Flood Disaster Control Based on Green-gray-blue Infrastructure Integration

HUANG Guoru'?, YANG Ge', ZENG Bowei', LYU Yongpeng’, REN Xinxin®*

(1. School of Civil Engineering and Transportation, South China University of Technology, Guangzhou 510640, China; 2. State Key
Laboratory of Subtropical Building Science, South China University of Technology, Guangzhou 510640, China; 3. Shanghai Municipal
Engineering Design Institute ( Group) Co., Ltd., Shanghai 200092, China; 4. Urban Planning & Design Institute of Shenzhen,
Shenzhen 518049, China)

Abstract; With the increasingly severe urban waterlogging situation, It was difficult for rainwater management with
rainwater pipe network and other grey infrastructures for terminal rapid drainage to solve the problem of urban water-
logging fundamentally. And combining the green, grey and blue infrastructure organically could besides on ensuring
that urban floods were effectively solved, systematically solve multi-scale problems such as water pollution and water
shortage. Based on the concept of green-grey-blue infrastructure integration, this study reviewed the comprehensive
evaluation of urban stormwater system status, the optimization of urban stormwater system, and urban flood control
and drainage scheduling. In terms of urban stormwater system assessment, the performance assessment of low im-
pact development system with green infrastructure as the main body and the performance assessment of urban storm-
water pipe network system with gray infrastructure as the main body were reviewed. In terms of urban stormwater
system optimization, the optimization of design parameters and layout of green infrastructure and the optimization of
plan layout and pipe diameter depth of gray infrastructure such as pipe network was reviewed; in terms of urban
flood prevention and drainage scheduling, the study of urban flood prevention and drainage was reviewed. In urban
flood control and drainage scheduling, the research on urban flood control and drainage scheduling methods and ur-
ban flood control and drainage scheduling systems were also reviewed.
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