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Abstract: To address the issue that existing temporal knowledge graph reasoning and completion
methods primarily focus on modeling graph structural features while neglecting other crucial
evolutionary dependencies, this study proposes an evolution-aware temporal knowledge graph
completion method based on message aggregation, which models evolutionary history from both
local and global perspectives. Based on the assumption that the evolution of facts within adjacent
timestamps exhibits dependencies, an evolution aggregation unit is employed to extract semantic,
structural, and temporal features of the graph within neighboring timestamps. Furthermore,
under the hypothesis that global history exhibits recurrence, interactive entities or relations

relevant to the query fact are extracted from the global history to construct a candidate entity or
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relation encoding matrix. During decoding, a time-enhanced ConvTransE decoder is adopted to
aggregate local dependency and global recurrence-based evolutionary information, achieving
multi-granularity fusion. A curriculum learning strategy, progressing from easy to difficult, is
introduced during training to fully capture the length diversity of historical evolutionary
sequences. Experimental results demonstrate that the proposed method outperforms state-of-the-
art baselines on three standard datasets: On the ICEWSI14 dataset, the mean reciprocal rank
(Mgr),» Hits@3, and Hits@10 (the proportion of correct answers appearing in the top 3 and 10
predicted rankings) improve by 1.13%, 1.19%, and 2. 45%, respectively, compared to TiPNN.
On the ICEWSI18 dataset, Mgy increases by 0. 98% over RE-GCN, while Hits@3 and Hits@10
improve by 0. 73% and 1. 59%, respectively, compared to TiPNN. On the WIKI dataset, Mgy
rises by 0. 13% over RE-GCN, and Hits @3 and Hits @ 10 increase by 2. 97% and 2. 89%,
respectively, compared to TiPNN. The performance improvement on multiple datasets verifies
the effectiveness of the proposed method in comprehensively modeling evolutionary dependencies.

Keywords: temporal knowledge graph; graph neural network; ConvTransE decoder; curriculum
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Fig. 1 Training strategy based on curriculum learning
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Fig. 2 Framework of the evolution-aware reasoning model over temporal knowledge graph based on message aggregation
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Table 2 Comparison results of entity prediction on different datasets

B Mg frh % Hits@3 AR Hits@10
ik ICEWS14 ICEWSI8 WIKI ICEWSI4 ICEWSI8 WIKI ICEWS14 ICEWSI8 WIKI
TTransE(2018) 13.72 8.31 29.27  17.70 8.56 34.43  35.74 21.89  42.39
TA-DistMult(2018) \ 25. 80 16.75  44.53  29.74 18.41  48.73  45.99 33.59  51.71
DE-SimplE(2020) i 33. 36 19.30  45.43  37.15 21.86  47.71  49.82 34.80  49.55
TNTComplEx(2020) 34.05 21.23  45.03  38.50 24.02  49.31  50.92 36.91  52.03
RE-NET(2020) 36. 93 28.81  49.66  39.51 32.44  51.19  54.78 47.51  53.48
CyGNet(2021) 35.05 24.93  33.89  39.01 28.28  36.10  53.55 42.61  41.86
xERTE(2021) 40. 02 29.31  71.14 44,63 33.51 76,11  56.17 46.48  79.01
TANGO-Tucker(2021) 28.68  50.43 32.17  51.47 47.04  53.35
TANGO-DistMult(2021) 26.65  51.15 30.08  52.16 44.09  53.58
RE-GCN(2021) 40. 39 30.58  77.55 44,96 34.34  80.38  59.21 48.75  83.68
CENET(2023) \ 38. 24 27.75  62.67  42.14 32.08  65.31  56.82 46.19  67.90
PPT(2023) i 38.42 26.63  53.95  42.50 30.64  57.28  57.01 45.43  60.56
ICL(2023) 46.00 31,30 80.40  56.50 41.40  84.40
ChapTER(2024) 33. 80 24.40  53.40  38.00 27.60  57.00  52.70 41.20  65.30
RLGNet(2024) 39. 06 29.90  64.34  42.03 33.64 66,71  58.12 49.08  69.51
DHE-TKG(2024) 40,02 29.23  51.20  44.99 33.31  69.25
TiPNN(2024) 41. 20 30.32  73.99  46.23 35.06  76.82  59.60 50.08  80.67
HFL(2025) 37.90 27.10 42.70 30. 40 57. 30 45,50
ATk 42.33 31.56  77.68  47.42 35.79  83.37  62.05 51.67  87.29
W BRI RRR SR TR KRR R.
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Table 3 Ablation study results on different datasets
. Mg fir 1% Hits@3 fir 1% Hits@10
ik ICEWSI4 ICEWSI8  WIKI  ICEWSI4 ICEWSI8  WIKI  ICEWS14 ICEWSI8  WIKI
ARSI 42. 33 31.56 77.68 47.42 35.79 83. 37 62.05 51.67 87.29
-w/o GE 39,32 29. 16 68. 62 44,19 33.09 74,14 58.76 48. 36 82.09
-w/o0 SE 41.48 31.38 77.50 46.70 35. 67 83.02 61.10 51.43 87. 42
-w/o TE 39. 84 29,52 77.02 44,78 33.59 82. 22 60. 02 49. 95 87.43
-w/o TD 40. 56 29. 67 75.91 45,48 33.90 81. 54 60. 11 49. 68 86. 75
-w/o CL 40. 78 30.05 76.57 45. 84 34. 30 81.93 60. 30 50. 05 86. 66
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