
.

.
CENTER FOR SCALABLE DATA ANALYTICS AND
ARTIFICIAL INTELLIGENCE

Fast Hubness-Reduced Nearest

Neighbor Search for Entity

Alignment in Knowledge Graphs

Daniel Obraczka



.

Users have complex information needs

”In what year did Richard David James

win a Grammy?”
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Users have complex information needs

”In what year did Richard David James

win a Grammy?” ⇒ 2015
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Entity resolution is a crucial first step

E.g. in

E-commerce: Detect identical products across shops

Medicine: Deduplicate patient records

...

Complex information needs require integrating various sources and find matching entities
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KGs pose specific problems for entity resolution

dbr:Jordan_Peele

dbo:Film
"Get Out"^^xsd:String

rdfs:label rdf:type

dbr:Get_Out

1979-02-
21^^xsd:date

"Jordan
Peele"

dbr:Allison_Williams

"Allison
Williams
(actress)"

dbo:starring
dbo:director

rdfs:label rdfs:label

dbo:birthDate

wd:Q3371986

wd:Q11424
"Get Out"^^xsd:String

rdfs:labelwdt:P31

wd:Q25136235

21 February 1979

"Jordan
Peele"

wd:Q510970

"Daniel
Kaluuya"

wdt:P161wdt:P57

rdfs:label
rdfs:label

wdt:P569

DBpedia Wikidata

Flexible schema (usually) means:

Many entity types

different (number of) attributes

various relationship types

⇒ Challenging for classical entity

resolution systems
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Knowledge Graph Embeddings (KGEs)

Transform entities into a dense vector

If successful:

similar entities close in the embedding

space

relational information retained

dbr:Jordan_Peele

dbo:Film

"Get Out"^^xsd:String
dbr:Get_Out

dbr:Allison_Williams

Em
bedding
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Entity Alignment with KGEs

Entity Alignment: find the same entities in

different data sources

similar entities close in the embedding

space

use nearest neighbors in embedding

space to find matching entities
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Hubness Reduction for Entity Alignment
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The hubness phenomenon

With increasing dimensionality:

few points are nearest neighbors (NN) of

many points

many points are NN of no points

⇒ detrimental for alignment quality
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Hubness reduction (HR)

Different ideas:

Centering

Repair asymmetric NN relationships

Overview: Feldbauer and Flexer (2019): “A comprehensive empirical comparison of hubness

reduction in high-dimensional spaces”
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Our contribution

Benchmark hubness reduction methods for entity alignment

Provide an open-source library (kiez)

Obtain kNN
candidates

Primary Distances
S ➝ T

Primary Distances
T ➝ S

Hubness
reduction kNN

Source KGE

Target KGE

SecondaryDistances
S ➝ T

Obraczka and Rahm (2021): “An Evaluation of Hubness Reduction Methods for Entity Alignment with Knowledge Graph Embeddings”
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kiez

Open-source python library for

hubness-reduced nearest neighbor search

(for entity alignment (with knowledge graph embeddings))

Hubness reduction methods:

Local Scaling Schnitzer et al. (2012)

NICDM Schnitzer et al. (2012)

CSLS Lample et al. (2018)

Mutual Proximity Schnitzer et al. (2012)

DisSimLocal Hara et al. (2016)

(Approximate) Nearest Neighbor Method:

Sci-kit learn Pedregosa et al. (2011)

BallTree Omohundro (1989)

KDTree Bentley (1975)

Bruteforce

NMSLIB: HNSW Malkov (2018)

NGT Iwasaki (2016)

Annoy (github.com/spotify/annoy)

Faiss Johnson, Douze, and Jégou (2017)
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Non-iterative contextual dissimilarity measure

𝑁𝐼𝐶𝐷𝑀(𝑑𝑥,𝑦) =
𝑑𝑥,𝑦

√𝜇𝑥𝜇𝑦

Schnitzer et al. (2012): “Local and global scaling reduce hubs in space”
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Non-iterative contextual dissimilarity measure

𝑁𝐼𝐶𝐷𝑀(𝑑𝑥,𝑦) =
𝑑𝑥,𝑦

√𝜇𝑥𝜇𝑦

mean distance to

the k-nearest neigh-

bors

Schnitzer et al. (2012): “Local and global scaling reduce hubs in space”
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Evaluation
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Experiment setup

16 aligment tasks:

KG samples from DBpedia, Wikidata, YAGO

different densities, sizes and even cross-lingual settings

Sun et al. (2020): “A Benchmarking Study of Embedding-based Entity Alignment for Knowledge Graphs”

15 KG embedding approaches

⇒ 240 KGE pairs
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Evaluation Metric

hits@k:

suited for kNN-based tasks

counts proportion of true matches in kNN

We use k=50, because we retrieve 50 nearest neighbors

Because absolute hits@k value is largely determined by KGE approach:

look at improvement

compare against no HR with same KGE
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Does HR improve accuracy? (exact NN)
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Improvement in hits@50

compared to no hubness

reduction.

Aggregated over KGE approaches

and datasets.

Obraczka and Rahm (2021): “An Evaluation of Hubness Reduction Methods for Entity Alignment with Knowledge Graph Embeddings”
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ANN + HR better than NN?

NICDM DSL CSLS LS MP gauss MP emp
hubness
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algorithm
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Improvement in hits@50 compared to baseline (no HR with exact NN).

Aggregated over KGE approaches and datasets.
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Speed comparison (large datasets)
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Speed comparison (large datasets)
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Speed comparison (large datasets) only Faiss
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Conclusion
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Conclusion

What we learned:

Hubness reduction improves alignment results

HR with ANN gives better AND faster results than

exact NN

Faiss + NICDM gave the fastest and most accurate

results

Faiss on a GPU goes a long way even with exact NN

Contact:

obraczka@informatik.uni-leipzig.de

github.com/dobraczka

dobraczka

Thank you for your attention!
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