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Translation Embeddings

S (r(a.b)) = —|lea + Ry — ey 2
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Collaborative
Joint Learning

user latent vector item latent vector,

item of fset vector structural vector textual vector visual veetor

structural embedding  textual embedding visual embedding
(Bayesian TransR) (Bayesian SDAE) (Bayesian SCAE)
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Knowledge Base
Embedding

film.language
film.rating

film.language

Dataset

user item structural knowledge textual knowledge visual knowledge

user implicit feedback knowledge
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(TransR) (latent vector)
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subject predicate

(User, Like, [tem)™ = x™
label™ = y™

Zhang F, Yuan N J, Lian D, et al. Collaborative knowledge base embedding for recommender systems[C]//Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery
and data mining. ACM, 2016: 353-362.
Wang H, Zhang F, Wang J, et al. Ripple Network: Propagating User Preferences on the Knowledge Graph for Recommender Systems[J]. arXiv preprint arXiv:1803.03467, 2018.
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He L, Shao B, Xiao Y, et al. Neurally-Guided Semantic Navigation in Knowledge Graph[J]. IEEE Transactions on Big Data, 2018.
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Same type of entities share names Nick Names
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Kevin Smith, John Smith, Bam Bam, Drumpf, ...
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Things named after each other Typos/Misspellings
Baarak, Barak, Barrack, ...

Clinton, Washington, Paris,
Amazon, Princeton, Kingston, ...
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Partial Reference Inconsistent References

First names of people, Location MSFT, APPL, GOOG...

instead of team name, Nick names
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http://rtw.ml.cmu.edu/rtw/ NELL

https://nlp.stanford.edu/software/openie.html el
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http://knowledgeworks.cn/

OpenkG NEHIZ. FER. T2

http://openkg.cn/
https://www.jigizhixin.com/articles/2017-03-20

Satori, Probase/Microsoft Concept Graph

Knowledge Graph, Knowledge Vault[2]

https://developers.google.com/knowledge-graph/
https://ai.baidu.com/tech/kg/schema

Schema

DBpedia MEER

https://www.zhihu.com/question/62164852 vago = Worhiot

Wikidata
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* Nickel M, Murphy K, Tresp V, et al. A review of relational
machine learning for knowledge graphs|[J]. Proceedings of the
IEEE, 2016, 104(1): 11-33.
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