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Information Microscopic Diffusion Prediction
Integrating Cascaded Frequency Domain Features

LAI Yuyang', ZHU Xiaofei'

ABSTRACT The research on microscopic diffusion prediction is of great significance for understanding
the propagation of information in social networks. To improve the accuracy of information diffusion
predictions, an information microscopic diffusion prediction model integrating cascaded frequency domain
features is proposed. First, a social graph and an information diffusion hypergraph are constructed
separately based on user friendship relationships and historical cascades. Graph convolutional neural
networks are utilized to capture user representations in social relationships and forwarding behaviors.
Next, Fourier Transform is applied to map the time-domain cascade features to the frequency domain,
effectively capturing both short-term fluctuations and long-term trends in the cascade through high-
frequency and low-frequency components. Finally, an attention fusion layer is designed to generate a
more expressive user representation, effectively addressing the issues of feature redundancy and
information loss. Thus, the performance of the proposed model is further optimized. Experiments on four
public datasets show the proposed model improves Hits@ K and mAP@ K, demonstrating the effectiveness
of itself.
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Fig. 1  Overall framework of IMDP_ICF
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Table 2 mAP@ K value comparison of different models on 4 datasets
%
Hom Douban Android Memetracker Christianity
mAP@ 10 mAP@50 mAP@ 100 mAP@10 mAP@50 mAP@ 100 mAP@ 10 mAP@50 mAP@ 100 mAP@ 10 mAP@50 mAP@ 100
Topo-LSTM  3.54 8.24 8.84 5.23 6.19 6.35 8.70 9.55 9.69 5.23 6.19 6.35
SNIDSA 10.02 11.24 11.59 2.98 3.24 3.97 6.05 6.74 6.89 8.69 8.94 9.72
DeepDiffuse  6.02 6.93 7.13 2.30 2.53 2.56 8.41 8.69 8.80 7.27 7.83 7.84
FOREST 11.26 11.84 11.94 5.83 6.17 6.26 16.37 17.21 17.34 14.64 15.45 15.58
NDM 8.36 8.79 9.36 2.19 2.44 2.52 10.59 11.31 11.44 6.76 7.51 7.65
Inf-VAE 10.44 10.98 11.42 4.26 4.41 4.82 13.45 13.79 14.46 10.35 11.94 12.49
DyHGCN 9.10 9.67 9.78 4.58 5.03 5.14 9.10 9.67 9.78 13.03 14.15 14.32
MSHGAT  11.72 12.52 12.60 6.39 6.87 6.96 15.42 16.41 16.57 17.44 18.27 18.40
MINDS 11.42 11.99 12.13 6.77 7.16 7.27 15.35 16.23 16.38 19.55 20.37 20. 54
IMDP_ICF 14.42 15.02 15.13 7.26 7.70 7.82 16.67 17.65 17.80 20.56 21.37 21.51
®3 BEEEINHREE LN Hits@K XtEE
Table 3 Hits@ K value comparison of different models on 4 datasets
Yo
wom Douban Android Memetracker Christianity
Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100
Topo-LSTM  3.56 8.24 8.84 4.60 13.18 21.03 8.70 9.55 9.69 15.59 36.53 47.77
SNIDSA 7.02 18.07 23.24 2.71 8.29 12.99 13.95 29.45 39.77 6.60 20.98 35.02
DeepDiffuse  9.02 14.93 19.13 4.13 10.58 17.21 13.93 26.50 34.77 10.27 21.83 30.74
FOREST 19.50 32.03 39.08 9.68 17.73 24.08 29.43 47.41 56.77 24.85 42.01 51.28
NDM 9.87 21.13 30. 14 4.64 11.45 14.61 9.31 12.28 12.79 4.64 11.45 14.61
Inf-VAE 10.98 22.02 35.72 3.18 9.38 14.52 11.65 30.96 42.00 7.67 25.69 38.53
DyHGCN 18.79 32.33 39.71 8.42 19.15 26.79 29.52 48.64 58.48 25.94 49.76 60.47
MSHGAT  21.33 35.25 42.75 10.41 20.31 27.55 28.43 49.66 60.47 28.80 47.14 55.62
MINDS 19.56 30.87 36.41 10.96 19.89 27.66 28.19 47.60 57.90 32.14 49.78 62.50
IMDP_ICF  23.58 37.27 45.08 11.08 21.64 30.21 30.93 52.16 62.77 32.35 50.89 60.74
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Table 4 mAP@ K value comparison of different modules on 4 datasets
%
Hom Douban Android Memetracker Christianity
mAP@ 10 mAP@50 mAP@ 100 mAP@ 10 mAP@50 mAP@ 100 mAP@ 10 mAP@50 mAP@ 100 mAP@ 10 mAP@50 mAP@ 100
w/o GF  11.55 12.22 12.32 6.96 7.44 7.55 - - - 19.94 20.76 20.91
w/oGD 11.95 12.57 12.67 6.19 6.61 6.73 16.03 16.97 17.11 16.73 17.55 17.77
w/o FFT  13.46 14.09 14.19 6.68 7.15 7.28 16.26 17.22 17.37 17.69 18. 65 18.81
w/o AF  11.32 12.00 12.10 6.86 7.01 7.13 - - - 20.16 21.00 21.14
IMDP_ICF 14.42 15.02 15.13 7.26 7.70 7.82 16.67 17.65 17.80 20.56 21.37 21.51
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Table 5 Hits@ K value comparison of different modules on 4 datasets
%
wom Douban Android Memetracker Christianity
Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100 Hits@ 10 Hits@50 Hits@ 100
w/o GF  20.75 34.90 41.96 10.33 21.34 29.09 - - - 30.96 48.52 58.38
w/o GD  22.36 36.01 43.19 10.41 20.23 28.36 29.85 50.10 60.33 28.40 47.14 56.80
w/o FFT  22.97 36.89 43.88 10.56 20.53 28.87 30.49 51.12 61.60 27.21 48.12 58.57
w/o AF  20.94 35.35 42.72 10.93 20.97 28.72 - - - 30.96 49.30 59.36
IMDP_ICF 23.58 37.27 45.08 11.08 21.64 30.21 30.93 52.16 62.77 32.35 50.89 60.74
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