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Knowledge graph embedding based on similarity negative sampling

RAO Guanjun, GU Tianlong, CHANG Liang, BIN Chenzhong, QIN Saige, XUAN Wen

(Guangxi Key Laboratory of Trusted Software, Guilin University of
Electronic Technology, Guilin 541004, China)

Abstract: For the existing knowledge graph embedding model, the random extraction of an entity from the entity set
results in the generation of lower-quality negative triples, and this affects the feature learning ability of the entity and the
relationship. In this paper, we study the related factors affecting the quality of negative triples, and propose an entity
similarity negative sampling method to generate high-quality negative triples. In the similarity negative sampling meth-
od, all entities are first divided into a number of groups using the K-means clustering algorithm. Then, corresponding to
each positive triple, an entity is selected to replace the head entity from the cluster, whereby the head entity is located in
the positive triple, and the tail entity is replaced in a similar approach. TransE-SNS is obtained by combining the similar-
ity negative sampling method with TransE. Experimental results show that TransE-SNS has made significant progress in

link prediction and triplet classification tasks.
Keywords: knowledge graph; representation learning; random sampling; similarity sampling; K-means clustering;
stochastic gradient descent; link prediction; triple classification
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Table 1 Experimental datasets

Dataset #Ent #Rel #Train #Valid  #Test
WNI11 38696 11 112 581 2609 10544
WNI18 40943 18 141442 5000 5000
FB13 75 043 13 316232 5908 23733
FBISK 14951 1345 483142 50000 59071
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255, {8 2 WH H 090 bs AR R 5256 B
A8 bR IE B SR HER AT 10 /Y HL 6] (Hits@10)
FIIE A SZAKR )2 HE4 (Mean Rank), B4R, X F
— AU TN R Z A — A = ) Hits@10 FIR 1)
Mean Rank,

HARE BN, sk = EEGHH &8
I3AEE = JC A ] REAEAE T UG AE | B0 Uk 4R A i
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FEX AR5, o T 15 BB ) e FE S 50
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Fiiye{1,2,25,3,3.5,4,45,5,55, 6}, ik A4k
¥ ne {25, 50, 100, 200}, L4 B K /N B e {100,
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LRE SR ] L, 5 W EGHE T . 78 2 5
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MR AESHOEE, N3k 2 Ui,
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Table 2 Optimal parameter setting in link prediction
Dataset Metric epoch a y n B K i DS
Mean Rank 2000 0.001 5.5 50 100 1420 L,
WNI18
Hits@10 2000 0.001 3 50 100 1420 L,
Mean Rank 2000 0.001 4 200 200 6420 L,
FB15K

Hits@10 2000 0.001 2 200 200 6420 L,
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Table 3 Link prediction results

Dataset WNI18 FBI15K
Mean Rank Hits@10/% Mean Rank Hits@10/%
Metric
Raw Filt Raw Filt Raw Filt Raw Filt
SE 1,011 985 68.5 80.5 273 162 28.8 39.8
SME(linear/bilinear) 542/526  533/509  65.1/54.7 74.1/61.3  274/284 154/158  30.7/31.3  40.8/41.3
LFM 469 456 71.4 81.6 283 164 26.0 33.1
TransE 263 251 75.4 89.2 243 125 349 47.1
TransH(unif/bern) 318/401 303/388  75.4/73.0 86.7/82.3  211/212  84/87 42.5/45.7  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
CTransR(unif/bern) 243/231 230/218  78.9/79.4  92.3/92.3  233/199  82/75 44.0/48.4  66.3/70.2
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
TranSparse(unif/bern) 233/223  221/211  79.6/80.1 93.4/93.2  216/190  66/82 50.3/53.7  78.4/79.9
TranSparse-DT(unif/bern) 248/234  232/221  80.0/81.4 93.6/94.3  208/188  58/79 51.2/53.9 78.4/80.2
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
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Fig. 3 In the FB15K, the category distribution of 1345 re-
lations
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Table 4 Link prediction results on FB15K by relation category %
Tasks Predicting Head (Hits@10) Predicting Tail (Hits@10)
Relation Category 1-to-1 1-to-N N-to-1 N-to-N 1-to-1 1-to-N N-to-1 N-to-N
SE 35.6 62.6 17.2 375 349 14.6 68.3 413
SME(linear/bilinear) 35.1/30.9 53.7/69.6 19.0/19.9 40.3/38.6 32.7/28.2 14.9/13.1 61.6/76.0 43.3/41.8
TransE 43.7 65.7 18.2 472 43.7 19.7 66.7 50.0
TransH(unif/bern) 66.7/66.8 81.7/87.6 30.2/28.7 57.4/64.5 63.7/65.5 30.1/39.8 83.2/83.3 60.8/67.2
TransR (unif/bern) 76.9/78.8 77.9/89.2 38.1/34.1 66.9/69.2 76.2/79.2 38.4/37.4 76.2/90.4 69.1/72.1
CTransR(unif/bern) 78.6/81.5 77.8/89.0 36.4/34.7 68.0/71.2 77.4/80.8 37.8/38.6 78.0/90.1 70.3/73.8
TransD(unif/bern) 80.7/86.1 85.8/95.5 47.1/39.8 75.6/78.5 80.0/85.4 54.5/50.6 80.7/94.4 77.9/81.2
TranSparse(unif/bern) 83.2/87.1 85.2/95.8 51.8/44.4 80.3/81.2 82.6/87.5 60.0/57.0 85.5/94.5 82.5/83.7
TranSparse-DT(unif/bern) 83.0/87.4 85.7/95.8 51.9/47.7 80.5/81.6 82.8/86.7 59.9/56.3 85.5/94.8 82.9/84.0
GTrans-SW (unif/bern) 80.1/84.9 93.0/95.0 48.4/39.9 75.4/75.9 79.4/84.4 51.8/47.77 91.2/945 77.8/78.8
TransE-SNS(unif/bern) 83.4/84.1 88.8/95.8 45.6/48.4 83.2/85.3 87.4/88.5 60.8/60.5 83.3/94.5 83.3/85.7
TESC R, KRR r WL T — %6 SRANKER
S, TEWRIEAE | 3 ik B KAk 452K v J3E Sk 2 B 4 Table 6 Triple classification results %
— KRR 6,0 X TF25 58 = Judl (h, r, 1), U Dataset WNI1 FBI3 FBISK
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Table 5 Optimal parameter setting in triple classification NIN 70.4 87.1 68.2
Dataset epoch o y n B K i DS TransE 7.9 8.5 9.8
TransH 78.8 83.3 79.9
WNI18 2000 0.001 55 50 100 16 20 L,
TransR 85.9 82.5 82.1
FBI3 2000 0.001 2 100 200 32 20 L,
CTransR 85.7 — 84.3
FBISK 2000 0.001 2.5 200 200 64 20 L,
TranSparse-DT 86.7 85.3 88.9
% 6 iR i& WNI1, FB13 i FBISK —JC414) GTrans-SW 863 817 918
KEFMIEEER ., WK 6 P, TransE- TransE+GAN-scratch 851 831  —
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