How to Turn your Knowledge Graph Embeddings

Into Generative Models R

Knowledge graphs (KGs)

® Drugs  ® Symptoms

® Proteins Functions
treats treats treats
P Y-l ibuprofen OXOpToTEn (loxoprofen, treats, pain)
interacts (ibuprofen, treats, pain)
regulates interacts : Q .

(ibuprofen, interacts, COX2)

Link prediction Q: (loxoprofen, interacts, ?)

KG embeddings (KGEs)

A KGE model maps entities £ and predicates K to embeddings and
defines a score function ¢ over triples (s, 1, 0).

E.g., ComplEx [1] defines

Gcompiex(S,7,0) = Re ((es, Wy, €,)) ER e, W, €, € Cc

Issues? ...Opportunities! nna

n Scores are difficult to interpret, combine, compare [2]
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P(COX2, regulates, ) <—— Score distributions have
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102 We would like probabilities instead
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n KGEs systematically violate logical constraints

ComplEx predicts (loxoprofen, interacts, phosp-acid)
but
Interacts can only hold between drugs and proteins

H KGEs do not scale gracefully to KGs with millions of entities
e.g., ComplEx takes 3 days to learn on WikiData (1 GPU)
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(> Squaring

Converting KGE score functions into generative
models of triples via probabilistic circuits [3]

Retrieving generative KGE circuits (GeKCs)

p(s,1,0) = ¢pe(s,7,0)/Z st Gpc(s,7,0) >0

Enforce non-negative embeddings: CP*, ComplEx’, . ..

OR Square the score function: CP?, ComplEx?, . . .
——> squaring circuits results in other circuits [4]

Linear-time renormalization E.g, for ComplEx*
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“We convert KGE models into generative models of triples (GeKCs),
making them scale to very large KGs and be reliable with constraints.

Learning GeKCs from data
Discriminative objectives [5, 6] —=> weighted pseudo-log-likelihood

Lo = Z(Sm())ED wslogp(s | r,0)+w.logp(r|s,o)+ w,logp(o]| s,r)
Generative objectives —=——=> maximum-likelihood estimation
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n Integration of logical constraints* with guarantees [7]

K : interacts can only hold between drugs and proteins

X (loxoprofen, interacts, phosp-acid)
v {loxoprofen, interacts, COX2) *Any constraint over triples
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H Scaling training to very large KGs

Link prediction benchmarks

X FB15k-237 WN18RR ogbl-biokg
S ~ Model

S 3 PLL MLE PLL MLE PLL MLE
R cP 0.310 — 0.105 — 0.831 —
o CP* 0237 0230 0.027 0.026 0.496  0.501
'§ g CP? 0315 0.282 0.104 0.091 0.848  0.829
= ‘Eo ComplEx  0.342 _ 0.471 _ 0.829 _
S & ComplEx* 0214 0.205 0.030 0.029 0503 0.516
= ComplExX?® 0334 0300 0420 0391 0.858  0.840

Sampling triples
Kernel triple distance (KTD) to evaluate their quality
discrepancy measure between distributions over triples [8]

Model FB15k-237 WN18RR ogbl-biokg
Uniform 0.589 0.766 1.822
PLL MLE PLL MLE PLL MLE

ComplEx* 0336 0.323 0456 0478 0.175  0.097
ComplEx* 0326 0.102 0.338 0.278 0.104  0.034

Kernel triple distance
(lower is better)
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