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/” INTRODUCTION

« Knowledge Graphs (KGs) typically utilize related
source corpora for the extraction of KG triples.
« Pre-trained Language Models (PLMs) can function
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/TAG REAL: FRAMEWORK

* Two core module: prompt generation & support
information retrieval

~

/TAGREAL: PROMPT GENERATION

* Apply text/pattern mining methods for prompt mining
« An end-to-end solution to mine prompt from large corpus
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/RESULTS FBEOKNYT10 UMLS-PubMed N /FINDINGS & FUTURE DIRECTIONS
Model 20% 50% 100%
Hits@5 Hits@10 MRR Hits@5 Hits@10 MRR Hits@5 Hits@10 MRR 0.85 oos //
TransE (Bordes et al., 2013) 2013 3267 1580 41.54 4574 2582 4253 4677 2986 0.80
DisMult (Yang et al., 2014) 344 431 264 1598 1885 1314 3794 4162  30.56 H 050 :
KGE-based  ComPIEX (Trouillon etal,, 2016a) 432 548 316 1500 1773 1221 3542 3885 2859 % 875 « Inherent patterns in large corpora can serve as
ConvE (Dettmers et al., 2018) 2049 3330 2431 4010 4403 3297 50.18 5406 40.39 oo e i for k led traction f trained
TuckER (BalaZeviéetal, 2019)  20.50 3248 2444 4173 4558 3384 5109 5480 4047 i man, wke) | 085 2! (optm, Lke) prompts tor knowledge extraction from pre-traine
RotatE (Sun et al., 2019) 1591 1832 1265 3548 3942 2892 5173 5527 4264 065 Bt T e e language models.
RC-Net (Xu et al., 2014) 1348 1537 1326 1487 1654 1463 1469 1634 1441 Tom@eer | 080 o VR £ 5en  Text mining methods could provide a new avenue to
Text&KGE-based TransE+Line (Fu et al., 2019) 1217 1516 488 2170 2575 881 2676 3165 1097 0 2 4 6 0 2 4 6 analyze the workings of pre-trained language models
JointNRE (Han et al., 2018) 1693 2074 1139 2696 3154 21.24 4202 4733 3268 Training Progress Training Progress v g P guag .
RL-based MINERVA (Das ctal., 2017) 11.64 1416 893 2516 3154 2224 4380 4470 3462 » TagReal significantly outperforms baselines .
* CPL (Fuetal., 2019) 1519 1800 1087 2681 3170 2380 4325 4950 3352 especially with limited training data :
PLM.based  PKOC (Lvetal, 2022) 3577 4382 2862 4193 4670 3181 4198 5256 3211 *Examine advanced text mining techniques for deeper
) TagReal (our method) 4559  51.34 3541 4898  55.64 38.03 5085  60.64 3886 « Both prompt generation and support information analysis of language models.
i R P P g . PP _ « Explore potential cross-disciplinary collaborations
Condition FBOK-NYTI0 UMLS-PubMed o | retrieval have significant effects on boosting the between text mining and language model fields.
20% 50% 100% 20% 40% 70% 100% o7 = e KGC performance.
H
man (35.77,43.82) (4193,46.70) (4198,5256) (31.08,4349) (4134,5244) (47.39,56.52) (55.05,5943)  :osf
man+supp  (43.23,47.74) (47.10,52.02) (48.66,57.46) (32.95,44.42) (44.37,54.96) (51.98,59.09) (59.99,61.23) oa . P . i
minctsupp  (44.54,49.53) (47.43,53.87) (49.03,58.82) (35.56.45.33) (45.35.55.44) (53.12,59.65) (60.27.61.70) o * ChQIFe of PLM is important, especially for domain
(45.59,51.34) (48.98,55.64) (50.85,60.64) (35.83,46.45) (46.26,55.99) (53.46,60.40) (60.68,62.88) I specific KG datasets.
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