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Enhancing Temporal Knowledge Graph Reasoning Method with Graph Information Bottleneck
and Transformer

XIN Yichen', LI Shichong' ,CHEN Bin' ,CHENG Zhangtao' ,LLI Ye"* and ZHOU Fan'
1 School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054, China

2 Kash Institute of Electronics and Information Industry,Kash, Xinjiang 844099, China

Abstract Temporal knowledge graphs(TKGs) dynamically record event knowledge in the form of quadruples(subject, relation,
object, timestamp) ,effectively capturing the dynamic evolution of knowledge in the real world. As a result.they have been widely
applied in various domains such as recommender systems.large language models,and knowledge-based question answering. How-
ever, their inherent incompleteness poses significant challenges for further development and application. Temporal knowledge
graph reasoning aims to predict missing event knowledge in TKGs,and has thus attracted considerable attention from both acade-
mia and industry. Existing methods for TKG reasoning mainly focus on extracting structural information within graph snapshots
and modeling temporal dependencies between them. Nonetheless, they still suffer from two major limitations: 1) insufficient han-
dling of noise and redundancy present in the snapshots during the modeling process;2)an overreliance on local temporal patterns
within short time windows,while ignoring global temporal dependencies across the entire TKG. To address these issues, this pa-
per proposes GIBformer,a novel temporal knowledge graph reasoning framework that integrates the graph information bottleneck
principle with a Transformer architecture. Specifically, it first introduces the graph information bottleneck to compress structural
information in TKGs,preserving key information that is highly relevant to downstream prediction tasks while effectively filtering
out noise and redundancy. Then,a Transformer with multi-head attention is employed to capture global temporal dependencies
across snapshots, while also incorporating local temporal dynamics to enhance the prediction of missing event knowledge. Exten-
sive experiments conducted on four widely-used benchmark datasets demonstrate the effectiveness of the proposed model.

Keywords Temporal knowledge graph,Graph information bottleneck, Transformer, Temporal knowledge graph reasoning
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il 5 DB I S P 3 2 3 et (] 322 4 R D0, L) 4 B s I A 56
NI

DTANGO ZBERI Y J& T 5 5 5 F B A &, % = ni A
F L B AU 45, T 7E 2 725 2 R IR B8 v A 455 34 22 M 028 i
4 S [A] B A RR .

10) TIGRN B B - T — A Ja -2 )= st e 2 40 1 33

A HER

TDRETIA « 2245 78 38 5 15 T ¢ 5 -8 5 7 DU A 1 18, Bk
GRATEMARNBIERE B B R 5 50 m] 0y i 5 ¢
KA,

12) SIMFy : %8 BB T 22 J2 BN B, X 35 1 75 51 o (9 25 4
MR OC R AT AR, AR e B AR P 25 6 D L F IR L
5.3 SCIGHTS

X T T A 0 R A R A SOl R O R IR ARED R R A
SRS SO BRIA B R S OB . Ah T BB Y S 56
SEFRVE T e B 5T, LR R X B A 2 S8 T R o B
GIBformer k| Python i & , Jf 3 F PyTorch fl DGL £
(Deep Graph Library) SZHEL, 78 0 A S04 4 b, SRR 26 &
R AL d 5 — 1l 200,25 3 F &g R 0. 001, Jffff
A Adam RTINS . A RBENB S « iR
BN 0.3, BB BELEN0.001 M AYEE 4 %K 200,
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EHRBE R 50, B KNEE R 4X3, A BEE
TRE R AT SO R U2 E R E R 30 R
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Table 2 Comparative experimental results on datasets ICEWS18 and ICEWS14 datasets(entity prediction)
ICEWSI18 ICEWS14
Model - - - - —
MRR Hi@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10
R-GCN 16. 40 9.68 18.16 30.52 29.52 21.11 33.52 46.51
ConvE 24.48 15. 20 27.33 43.06 31.76 22.99 36.07 49.23
TTransE 9.91 3.26 10.62 23.92 14. 19 4.56 17.38 34.97
TANGO 28.46 18.98 32.41 47.06 37.73 27.91 41.83 56.29
TLogic 29. 85 20.02 33.76 48.87 43.06 33.46 48. 31 61.74
RE-GCN 32.62 22.39 36.79 52.68 42.00 31.63 47.20 61.65
xERTE 29.31 21.03 33.51 46.48 40.79 32.70 45.67 57.30
CyGNet 27.12 17.21 30.97 46. 85 37.65 27.43 42.63 57.90
RE-NET 29.78 19.73 32.55 48.46 39. 86 30.11 44.02 58.21
TiRGN 33.55 23.05 37.94 54.10 44,04 33.83 48.95 63. 84
RETIA 32.10 21.96 36.18 51.95 43.00 32.47 48.01 63. 64
SiMFy 28.65 18.99 32.45 47.62 39. 54 29.56 44.56 59.18
GIBformer 34.07 23.47 38.32 54.59 44.43 34.33 49.50 64.36
p-val. 2.55X10 4 4.46X101 5.48X10 4 5.32X10 14 2.24x10 1 6.18x10 1 6.47>X10 1 5.19X10 4
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B0 T HoAth BT AT S0 HE T ) R R e B Y, AR Rk
BASE T A5 BRSNS A 5] 5 45 6T BE 6% % i T e F A
PUIET PR IE b S #f AT S5 SO G R T IR SRR R L R A
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Table 3 Comparative experimental resultson datasets ICEWS05-15 and GDELT datasets(entity prediction)
Model ICEWS05-15 GDELT
ode MRR Hit@1 Hit@3 Hit@10 MRR Hit@1 Hit@3 Hit@10
R-GCN 28.46 20.17 32.02 14.59 13.67 8.78 13.88 22.03
ConvE 32.81 23.08 37.35 52.29 19.99 12.85 20. 67 33.54
TTransE 18.19 7.01 22.42 10. 90 6.93 1.81 6.61 16. 83
TANGO 12. 62 31.94 18.53 64.09 20.17 13.10 21.57 33.97
TLogic 14.69 33.45 50. 39 65.57 20.76 13.28 22.78 36.79
RE-GCN 48.03 37.33 53.90 68.51 19. 69 12. 46 20. 93 33.81
xERTE 16. 62 37.84 52.31 63.92 19.45 11.92 20. 84 34.18
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RE-NET 43.67 33.55 48.83 62.72 19.55 12.28 20. 80 34,00
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RETIA 44,37 34.02 49. 64 64.42 OOM OOM OOM OOM
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GIBformer 50.03 39.12 56. 08 71.27 21.97 13.92 23.55 38.08
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G B DL 315 BB AE SRR 7 09 70 1 ) 30 56 T wOTE 416l @298 438 @6
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Table 4 Results comparison of relation prediction(MRR)
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Fig.3 Comparison of model performance under different data

sparse environments
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Fig.4 Experimental results of hyperparameter sensitivity
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