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Abstract Aiming at the demand of combat system modeling and dynamic evolutionary analysis in dynamic battlefield environ-
ments, this paper proposes a dynamic network link prediction method based on the Co-Attentive Graph Mixer. This method explicitly
models the correlations between source node and target node through a co-attention mechanism, and effectively integrates the fea-
tures of historical neighbor sequences using the MLP Mixer, thereby achieving accurate prediction of future links in dynamic net-
works. Simulation results on two real-world datasets demonstrate that the algorithm maintains high prediction accuracy under both
the transductive setting with “fixed number of nodes” and the inductive setting with “increasing number of nodes as the network
evolves.” It outperforms existing mainstream methods, showcasing the algorithm’s strong generalization capability and applicability.
Meanwhile, the application scenarios and constraint conditions of the algorithm are clarified to support practical deployments.
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Figure 2 Framework of co-attention score calculation
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Table 2 Simulation results on the transductive dynamic link prediction task
KFE T PG/ R P AR DyRep TGAT TCL GraphMixer | CAGMixer
Enton AP 82.3843.36 | 71.12+0.97 | 79.70+0.71 | 82.25+0.16 | 83.65+1.27
Random AUC 84.89+3.00 | 68.89+1.10 | 75.74+0.72 | 84.38+0.21 | 85.49+0.53
uer AP 65.14+2.30 | 79.63+0.70 | 89.57+1.63 | 93.25+0.57 | 93.37+0.43
AUC 68.77+2.34 | 78.53+0.74 | 87.82+1.36 | 91.81+0.67 | 91.46+0.61
Enron AP 71.1942.76 | 64.07+1.05 | 70.66+0.39 | 77.98+0.92 | 77.17+2.63
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AUC 54.25+2.01 | 60.80+1.01 | 70.05+1.86 | 74.59+0.74 | 76.09+0.33
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Table 3 Simulation results on the inductive dynamic link prediction task
KA | RS | VPN ERR DyRep TGAT TCL GraphMixer | CAGMixer
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Enron AP 62.08+2.27 | 61.40+1.30 | 67.11+0.62 | 72.37+1.38 | 73.224+2.76
Inductive AUC 61.50+2.50 | 57.83+2.18 | 64.05+1.02 | 68.19+1.63 | 70.36x1.26
uer AP 52.47+2.09 | 70.49+0.93 | 76.65+£0.99 | 81.64+0.49 | 82.77+0.14
AUC 51.26£2.40 | 62.29+1.17 | 70.42+1.93 | 75.97+0.85 | 77.64+0.31
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Figure 3 Experimental Results on the UCI dataset
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