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Abstract

Knowledge graphs provide graphical representations of entities, concepts, and their relationships
in the objective world. Traditional knowledge graphs mainly focus on static common-sense know-
ledge, lacking consideration for temporal information, making it challenging to handle dynamic
evolution and temporal data in cyberspace. Temporal knowledge graphs emphasize incorporating
time into knowledge by introducing timestamps and quaternion embeddings to manage dynamic
temporal knowledge, offering support for tightly time-coupled applications. Existing methods of-
ten prioritize high-frequency repetitive events, potentially leading to erroneous judgments for
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new events. To address this, we propose the Spatial-temporal Knowledge Aware Network (SKAN),
divided into three modules: Subject Spatial Perception, Event Sequence Perception, and Relation-
ship Representation Learning. SKAN utilizes global association graph convolution for subject cor-
relation mining, conducts temporal learning, and predicts future relationships through relation-
ship representation learning, providing a novel architecture for temporal knowledge graph learn-
ing. Experimental results on four international event datasets demonstrate the superiority of our
approach over current mainstream methods.
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Figure 1. Diagram of the practical teaching system of automation major
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Figure 2. The framework of SKAN
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Table 1. Introduction of datasets
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Table 2. Performance comparison of SKAN and baseline methods across 4 datasets
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Dataset ICEWS14s ICEWS15
Model mrr HR@1 HR@3 HR@10 mrr HR@1 HR@3 HR@10
REGCN 0.3767 0.2462 0.2462 0.5383 0.3723 0.2254 0.4299 0.6871
Cygnet 0.4223 0.2747 0.4848 0.7416 0.4753 0.3217 0.5232 0.7491
CEN 0.3630 0.2245 0.4119 0.6613 0.3826 0.2364 0.4456 0.6835
SKAN 0.4029 0.2582 0.4816 0.7287 0.4819 0.3585 0.5334 0.7524
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Dataset ICEWS18 GDELT
Model mrr HR@1 HR@3 HR@10 mrr HR@1 HR@3 HR@10
REGCN 0.0955 0.0219 0.1538 0.2291 0.1899 0.0792 0.1937 0.4332
Cygnet 0.1700 0.0515 0.2160 0.4821 0.1636 0.0654 0.1686 0.3672
CEN 0.3581 0.2171 0.4126 0.6543 0.1889 0.0791 0.1933 0.4269
SKAN 0.4058 0.2522 0.4728 0.7201 0.1937 0.0829 0.1992 0.4350
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Table 3. Results of ablation experiments
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Dataset ICEWS14s ICEWS15

Model mrr HR@1 HR@3 HR@10 mrr HR@1 HR@3 HR@10
w/os 0.4011 0.2479 0.4377 0.7085 0.4716 0.2822 0.5225 0.6436
w/ot 0.1133 0.0256 0.0827 0.3258 0.1506 0.0521 0.1366 0.3999
SKAN 0.4029 0.2582 0.4816 0.7287 0.4819 0.3585 0.5334 0.7524

Dataset ICEWS18 GDELT

Model mrr HR@1 HR@3 HR@10 mrr HR@1 HR@3 HR@10
w/o s 0.2936 0.2048 0.3498 0.6712 0.1892 0.0803 0.2054 0.3780
w/ot 0.0667 0.0064 0.0291 0.1793 0.0336 0.0014 0.0049 0.0388
SKAN 0.4058 0.2522 0.4728 0.7201 0.1937 0.0829 0.1992 0.4350
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Figure 3. Case study on the probability of an event occurring in China and South
Korea on 6 May 2013, taking the top 10 probabilities
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