Text-enhanced Knowledge Graph Embedding in Hypercomplex Space
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 Knowledge is represented in the form of multi-relational directed labeled graphs. Labeled nodes S i
represent entities and labeled edges represent relation. wasBornlin

 Knowledge graph (KG) is highly incomplete. The fact (Danny Pena, wasBornin,
Ingelwood, California) exists in the real world but misses in KG.

wasBomin

* There is no direct connection between two entities Danny Pena and Inglewood, California in
the KG, but they could be relevant when providing extra knowledge.

 We consider additional textual description of entities, where two entities can be bridged by
extracting semantical information from text.
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;E + e Therefore, entities and relations are represented in the hypercomplex space, where
~ o inglewood,_Calfornia entities are points (red/blue) and relations are rotations (black curve) in the space.
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4. Project different representations into the same vector space.
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2. Consider four different information to better characterize each entity: structural
information in KG, word/sentence/document level information from description.
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%, paragraph in the passage of each entity on the Wikipedia.
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Model and Learning
let © = Sy + Tyt + Yud + 20k, UV = Sy + Tyt + Y] + 20k For a triple in the KG, we optimize its entity and
. Entitv and relation rebresentation be two Quaternion or Dihedron numbers in the hypercomplex relation embeddings by maximize the following
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' duct ®
e Quaternion pro Q ( ) — ( )
URQ V= (SuSy — TuTy — YuYv — ZuZv) f €h, Ty Ct d ep & r, €t -+ bh -+ bt
Randomly initialized Pre-trained language -+ (Suxv + TySy + YuRy — zuyv) i o _ , ,
entity embedding model embedding . In the plau5|b.|I|ty above, d(,) |s.a dlstanFe function,
T: € (Word2Vee, Fasttext, Sent - / Doc2Vec) (Suyv — Lycy T YuSv Zufl?fu).] &) could be either the Quaternion or Dihedron
i € or EC, I astlext, oenitenceLrransjormer, Loc eC TR .
(Suzv Tulo — YuLo ZuSv) k product, and b,,, b; are entity-wise biases.
Randomly initialized
%‘jdmg . D'h(%dro” pfij”(‘:t QD n n ) The model is optimized with the Adagrad
UWED YV -= Budv = Tulo T Yulfo T Zuly optimizational algorithm, where early stopping
o X, 7 -+ y;r J -+ zzz’* k + (SuTy + TuSo — YuZo + Zuly) i is employed to prevent overfitting.
I = .
9 7'12 7'22 7?32 Bl (Suyv — Ty Ry T YuSy T Zux’u).]
S X Z
r T Xe FYrt +Zr + (Su2v + TuYv — YuTo + 2uSy) K
Experiments and Demo
* Link prediction evaluation Future Work
odel Diabetes FB-ILT YAGO-10 . . A he structural information from KG, in th
N MRR HOL H@3 HGOI0 | MRR H@l HQ3 HOI0| MRR HOL H@3 HGOI0 | |jon js the best-performed variant of our model. The bout the st UCFU A ,O atio O, _G’ G e.
TransE 0.179 0.098 0.197 0.342 | 0.739 0.675 0.777 0.852 | 0.421 0.351 0.461 0.556 . next work we will consider aggrega“ng information
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in the next work we will incorporate multi-lingual
descriptions. Because knowledge insufficiency in a
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y G oy * Clustering of trained entity embedding . .
language can be alleviated in other languages.
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higher rank is more important in the extraction of sentence-level information.




