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Abstract; Temporal knowledge graph reasoning, which predicts events absent from the graph, has seen significant applica-
tions in recommendation systems, question answering, and healthcare. The lack of background knowledge in temporal
knowledge graphs hinders reasoning, with existing methods relying on external graphs while overlooking implicit data within
the graph. To fully exploit the graph’s implicit background information, this paper extracts cross-temporal features to define
entity backgrounds and proposes a temporal knowledge graph reasoning model incorporating cross-time commonality features
(TR-CTC). TR-CTC uses a graph neural network to extract cross-temporal commonality from multi-hop paths, integrating it
as background information into the graph representation learning process, enhancing reasoning performance. Experimental
results show that TR-CTC generally outperforms baseline models in link prediction tasks.
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Fig.3 Results of A in entity prediction on ICEWS14
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Tab.2 Results of entity prediction

- ICEWS14 ICEWSI18 ICEWS0515
e MRR H@l1 H@3 H@l0 MRR H@l H@3 H@l0 MRR Hel H@3 H@I10
TTransE’ 13.43 3.11 17.32 3455 10.17  4.52 10.33  21.25 15.71 5.00 19.72  38.02
DE-DisMult!"”’ 2791 1999 3095 43.13 19.63 11.80 22.05 3528 3470 2529 38.99 58.35
DE-SimplE " 32.74 2437 36.28 48.80 22.69 14.22 25.61 39.57 35.03 2594 38.89 52.85
RE-Net ! 35.11  25.81 39.26  53.20 26.65 1696 30.40 4573 3591 26.04 40.34 55.09
RE-GCN™" 40.02  30.36 44.57 58.63 2894 18.94 3293 4856 4591 3541 51.52 6598
EvoKG!'™ 27.18 16.67 26.63 4270 26.81 26.89 33.94 50.09 38.23 28.16 43.06 57.40
TR-CTC 40.97 31.32 4553 59.45 3242 2244 36.61 51.87 47.60 37.17 53.10 67.70
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Tab.3 Results of relation prediction
o ICEWS14 ICEWS18 ICEWS0515

- MRR H@l H@3 H@I0 MRR H@I H@3 H@I0 MRR H@l H@3 H@IO0
TTransE’ 1.55 670  25.90 2,66  6.40  19.40 .17 473 18.82
DE-DisMult''®’ 1752 11.90 19.60 29.47 13.58 8.80 1499 2332 593 274 620 11.63
DE-SimplE'""  19.63 1421 21.53 31.27 1641 11.15 18.61 2672 14.81 10.19 1651 23.98
RE-Net' "’ 3511 17.51  30.50 53.10 26.65 23.83 4430 76.16 3591 25.00 5227  79.55
RE-GCN'! 43.60 31.46 47.88 70.36 39.62 2473 46.01 70.92 40.08 24.76 46.99 71.82
EvoKG'™® 41.47 25.67 4777 75.95 41.15 2492 48.09 7676 3921 23.33 4472 75.67
TR-CTC 4398 31.58 4891 72770 4422 31.56 4898 7214 4555 33.05 50.62 73.07
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Tab.4  Ablation experiment on link prediction

ICEWS14 ICEWS18 ICEWS0515
25 B
MRR H@l H@3 H@l0 MRR He@l H@3 H@l0 MRR H@el H@3 H@I10
Sk w/o CTC 36.53  27.52  40.08 54.67 28.18 18.25 33.03 47.96 47.17 36.87 52.59 67.05
i  TR-CTC  40.97 31.32 4553 5945 3242 2244 36.61 51.87 47.60 37.17 53.10 67.70
XHE w/oCTC 41.86 29.77 4549 69.30 38.07 24.02 4338 68.30 44.40 31.70 49.25 72.77
i TR-CTC  43.98 31.58 4891 7270 4422 31.56 48.98 72.14 4555 33.05 50.62 73.07
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(random ) 75 SEAAR I A1 C 2 F H MRR 45 4553 5]
TR 14.8 T 43 5 M 1.7 T 43 45 TR-CTC ( cos-sim )
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Tab.5 Cross-temporal commonality analysis on ICEWS14
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