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Abstract

Knowledge graphs are usually composed of ternary head and tail entities and relationships, and by
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organizing a large number of ternaries into the form of graphs, knowledge graphs can display a
complex network of relationships between entities, which can be directly or indirectly related. The
connection between entities and relationships in traditional knowledge graphs is usually static and
lacks the ability to model dynamic relationships, while temporal knowledge graphs add the dimen-
sion of timestamps on top of ternary groups, which can better capture the temporal dependencies
of entities and relationships, thus supporting temporal reasoning and making the expression of
knowledge graphs closer to the real world. However, there is usually a large amount of missing data
in the dataset containing temporal information, which leads to a decrease in the integrity of the qu-
aternion including timestamps, and the downstream applications of knowledge graphs such as Q&A
systems and recommender systems will be directly affected. Therefore, this paper proposes
Conv-ATG (Convolutional Attention Temporal Graph), a tensor decomposition model for temporal
knowledge graph complementation based on the static knowledge graph embedding model ConvE.
Specifically, ConvE is mainly aimed at static knowledge graph embedding, and based on ConveE, it
introduces a representation for temporal information and adds a self-attention mechanism to im-
prove the model performance. Experiments are conducted on 2 mainstream large-scale datasets,
ICEWS and WIKIDATA, and the experimental results show that the Conv-ATG model outperforms
most of the existing inference methods, which illustrates the effectiveness of this model.
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Figure 1. Schematic diagram of time information decomposition
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Figure 2. Schematic representation of time series information in a relationship
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4.2. BEMERHNINE

3 M 2 77 H LA (Adaptive  Attention Mechanism) & — 7t FH -3 56 #8125 X 48 o 4 N 1 533 B A R
o TS SR 7 FE R SR A AR AN [ ) 28 0 (R B MAZTEMRLEAE S . XML RE S f A5
SR ELA R AT OL,  FRETE R T AT IR AR, AR TR R BERITZ AL AE T -
VERIUHNE M LT DARA Dy K n 2 [ B SR nocm B {EDOT RSRS BIET A n N 1)
k. BiffEAQeR™, KeR™ LIV eR™ RE/R, HIVER JHLHI AT LUARYE Ik £ 10 &
THEL A OB B0 ) BB 0 BRIt 1 e B RS SO R Bk . Herb score(Q, K) BRI
B — > nxm fFEFEAAR AR Q SXIMAE AR K ZRIARUEZS 7>, 1 Softmax & £l 2247 )4
—ABRAE,  PRAEREAS B A X NI T AT AR AL MR 2652 1.
Attention (Q, K,V ) = Softmax score(Q, K ) )V (3)

4.3. Conv-ATG t&#&

A% P U 1S B A b R TIEFR RTU E T R A DE BE TE R AR D . B B X T
VY TG 2H A N E i SR FH T ) A0 Sk R O R SR AT B G i 1) 7 20, 88 78 43 2% FE B IR () B A5 JE R0 a4k
RAZMMAZH . ABLEH G VU eH RN ISR 5N B IEREE PSS G G A ML, X 11 [E
{5 B AT A B AR, (I RN R SCROR IR U E .

ACHEH) Conv-ATG HERFEAL G B BN N 4 ConvE #HAS0iR B i AR () 36t 22 1 1] A
LSTM B2 X 245 2 S] Bf T J2 r] Re S 1B A R 7 ks 2, 380 1 131 38 B2y R I LI BRG] i )45
B SVBERBATIRTE, WAL SR HARE MR IIE 76 3.

Cnov-ATG AP 73 B A T

v, (e.8)=f (vec( f ([es; rresp]*a)))w )e0 (4)

5. SElEER
f5H MRR. Hit@1, Hit@3. Hit@10 HATHIHIPH. MRR BARIEHEA MEHH S TEE, T

DOI: 10.12677/csa.2023.1310189 1915 MR 5 R


https://doi.org/10.12677/csa.2023.1310189

BN

ANEW, B SIR ] AMEIEE SR 0 BT HE . MRR U7 S ORI 2 R B 9155,
SRIE TR A WA 103 ME . MRR VSRR 0 31 1, 8GR 1 FoRBAEHRA T i R IUELT . Hit@N
febriedR A 2 D IE =oAL i & HIHEFP 2 1E topN, (BB I, 4 6 H H)2 Hit@1. Hit@3. Hit@10.

ARG A ICEWS18 £ida4E. WIKIDATA 4 4E, X Conv-ATG #5574 55 HAth i e iR B AN AR

RIBEATINGRS 5L, R G HXTIEAE R ik 1 PR, Conv-ATG #AUFE Hit@10 HITF 1 LRIA
R, {B4E MRR. Hit@1. Hit@3 LRI 7 ARIRCR, A T HARR e RiR B AT

Table 1. Experimental results on ICEWS, WIKIDATA datasets
%% 1. ICEWS. WIKIDATA #iE%E L soihsk

ICEWS18 WIKIDATA
B
MRR Hit@1 Hit@3 Hit@10 MRR Hit@3 Hit@10
TTransE 0.083 0.017 0.089 0.215 0.450 0.238 0.329
TA-Distmult 0.162 0.085 0.179 0.324 0.262 0.315 0.390
RGCRN 0.235 0.141 0.263 0.418 0.286 0.311 0.485
HyTE 0.074 0.031 0.072 0.161 0.254 0.289 0.374
Conv-ATG 0.265 0.173 0.310 0.365 0.459 0.488 0.476
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