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Knowledge Graph Embedding with Mixed Negative Sampling

XI Chao-liang ,LENG Yong-lin
(School of Information Science and Technology,Bohai University ,Jinzhou 121000, China)

Abstract. The embedding model of knowledge graph transforms entities and relationships into low dimensional vector representation to
express the association semantics between entities and relationships, which is an important method to solve the problem of knowledge
graph completion. The traditional embedding model adopts random sampling to construct negative triples, which is easy to produce low—
quality negative samples, affecting the feature learning ability of representation models. The clustering—based negative samplings cluster
entity points to improve the quality of negative sampling. However, for the sparse points of the knowledge graph, the clustering cannot
control the number of clustering points, which leads to the degradation of the model performance. After researching on negative similarity
sampling and sparse sample points, we adopt DBSCAN to replace the head and tail entities of the samples in the cluster and adaptively op-
timize the domain clustering radius in DBSCAN to find a suitable cluster center and reduce the number of outliers. At the same time,
oversampling is conducted for outliers to build similarity points, which is used to solve the sparse point problem. Finally, the negative
sampling method is combined with TransE to obtain the mixed negative sampling model Trans—DNS. The results show that TransE-DNS
has achieved better results in link prediction and triple classification tasks.
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TransH (unif/bern) 318/401 303/388 75.4/73.0 86.7/82.3 2117212 84/87 42.5/45.17 58.5/64.4
TransR (unif/bern) 232/238 219/225 78.3/79.8 91.7/92.0 226/198 78/77 43.8/48.2 65.5/68.7
KG2E_KL 362/342 348/331 80.5/80.2 93.2/92.8 183/174 69/59 47.5/48.9 71.5/74.0
TransD (unif/bern) 242/224 229/212 79.2/79.6 92.5/92.2 211/194 67/91 49.4/53.4 74.2/77.3
TransSparse (unif/bern ) 233/223 2217211 79.6/80.1 93.4/93.2 216/190 66/82 50.3/53.7 78.4/79.9
Gtrans—SW (unif/bern ) 247/215 234/202 79.1/80.2 92.9/93.5 207/189 66/85 50.6/52.9 75.1/75.3
TransE+GAN- scratch - 244 - 92.7 - 90 —-—= 73.1
TransE+GAN- pretrain - 240 - 91.3 - 81 - 74
TransE—SNS (unif/bern) 220/207 208/195 80.2/80.6 94.0/94.6 198/210 56/95 48.9/52.5 80.1/83.0

TransE-DNS (unif/bern) 182/176 170/165 77.4/81.2 90.1/93.9 176,208 53.4/92 48.3/50.6 74.8/78.5

3.3 =xéAs% P KA 2 g Aot %) R L R 5
I 4y T8 E Trans_DNS #5570 1F fiff X 43 k4 =AMy EESAHEKE

IERAB = el PERE, R ERET WNI1 ,FB13 Fl
FB15K =Mt 4E , Horp il Socher ™ ' 542 {1 i) WN11
F1FB13 M4 & T IEAG] =Jodl, 1 FBISK 111

Dataset epoch « y n B M 0 T

WNI8 1000 0.01 5 50 3000 15 3 50

M4 HA IE B = e, T2 #% I FB13 1 ] =t FBII 2000 0.003 2 100 4800 13350
(9 75t FB1S K MRS T 4 = 5541 . FBISK 2000 0.003 2.5 100 10000 10 5 50
TE=JC R B B G R r A E T =LA RS EN R 4 iR, Hdh WNIL Fl

B 6, , AT =04 IR ANT 6, 9 FBISK fE2 0 £S5 YR T 6 e HOMT 45
FRTEG], R ZIA R G0, CRB 0, MRIERED S, FBI3 AR NS WO i 5 5040 PE 460 [F 7 T
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5533 &

LWL IR T RIS E,

IR RS A AR 5 BN, Nl A4S
#| TransE-DNS ( bern) 7£ FB13 F/A 3| T it , B4
WNI11 F1 FBI5SK A9 REDL TR 73 SCHk H A
BAKE  7E =0 2 SE 56 H , Trans_DNS 752 T
AEE SR 45 R IER T DNS FURBELAL TR X 43
1E = JeAH fE

A5 ZaMHpETRER

e WNI1 FB13 FB15K
SE 53.0 75.2 -—
LFM 73.8 84.3 -
NTN 70.4 87.1 68.2
TransE 75.9 81.5 79.8
TransE ~-NMM 79.5 77.2 -
TransH (unif/bern) 77.7/78.8  76.5/83.3  74.2/79.9
TransR (unif/bern) 85.5/85.9 74.7/82.5 81.1/82.1
TranSparse (unif/bern) 86.8/86.8  86.5/87.5  87.4/88.5
TransSparseDT 86.7 85.3 88.9
TransA 93.2 82.8 87.7
TransE+GAN- pretrain 85.4 85.2 -
TransE-SNS 83.2 87.1 86.6

TransE-DNS (unif/bern) 85.4/85.6  82.5/88.5  87.5/87.9

4 ZERIE

TG R R A7 15 2R T 45 TS 1| 4k
JiE AT 1 2 10 I GCRARE 0 47 B 1 R A AL R | 93
TR IR e SUREAS | PR (11 25 A B B R
SN T RO MERE X 3 A 1) A, 3% SC M S AR A
(L % , 45 5% H] DBSCAN 582K 175 2 %] i 4376 ]
2 ) PR 2R R I AT SRS T o B A R
b R 2 A BRE AR il 5 HL A T 1 B SR AR
PR T RO B TS B S SR 8RS A 1 1]
W, RN 2 AbAE T AT b B G S A 1 2 ] R
B S I REOE R BAUR A %

FANG 22220 DNS $ SR B4 78 51 b S 1 3%
SRR [ 2 AR R AR R
F 2 A SRR AR R EARAE  F R 2 RS 1 2%
Jr X, SR SR 5 AN S ARG B | Sk — 4R 5 R RE A TR
B R THRE R AR AR

SE 3k
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