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Knowledge Graphs
KGs offer a concise way in which to
store factual informa�on.
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Link Predic�on
Predict missing links to ques�ons,

(Val�eri Bo�as, Drives For, ?)

Repository
h�ps://github.com/o�liastr/coper
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Parameter Generators
Three of many choices,
•Parameter Lookup (PL): θ=Wr
•Linear Transforma�on†: θ=W · r
•Mul�layer Perceptron‡: θ=MLP(r)

CoPER

•General: Enhances expressive power of
several models

•Simple: Implemented in just 10 LoCs
•Scalable: Improves convergence by up
to 28x

•Performance: outperforms state-of-
the-art
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Convergence Comparisons

Convergence Ra�o between CoPER-ConvE and ConvE
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Exis�ng Solu�ons

•Single-Hop: Infer answer directly from
ques�on

•Mul�-Hop: Infer answer by traversing
the KG
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Addi�ve Limita�ons
Exis�ng approaches with addi�ve
interac�ons cannot directly represent
this toy example,
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Model:
hɸ(es, r)=ɸ[es;r]=ɸees+ɸrr

Solu�ons:
{e3=e2 (ɸr=0 r0=r1)}


