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Entity Resolution is important. . .

https://lod-cloud.net

Knowledge Graphs store
real-world information in
machine-readable way

Integrating multiple data
sources is essential for
complex information needs
such as

Semantic Search
Question Answering
Recommender Systems
. . .
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. . . but it is a difficult task

Integrating Knowledge Graphs is hard:

usually heterogeneous schemata

different standards of data representation

dissimilar levels of quality
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Conventional Methods

Conventional ER has a long history and many different approaches

usually based learning a classifier or similarity measure

geared towards tabular data
Magellan (Konda et al. 2016: Magellan: Toward building entity matching management systems)

DeepMatcher (Mudgal et al. 2018: Deep learning for entity matching: A design space
exploration)
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Embedding Based Methods

More recently, embedding based methods, especially for KGs have
been introduced

based on embedding two nodes+relations of KGs into a
shared embedding space

using a similarity measure for ranking potential matches
BootEA (Sun, Z. et al. 2018: Bootstrapping entity alignment with knowledge graph embedding)

MultiKE (Zhang, Q. et al. 2019: Multi-view knowledge graph embedding for entity alignment)

RDGCN (Wu et al. 2019: Relation-aware entity alignment for heterogeneous knowledge graphs)
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EAGER
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Overview

Embedding Assisted Knowledge Graph Entity Resolution

combine embedding techniques and conventional resolution
methods

embedding vectors and attribute comparisons as input for
classification
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Embedding Techniques

3 different techniques used:

BootEA

MultiKE

RDGCN

Very different approaches to embeddings but similar results in
benchmarks1

1Sun et al. 2020: ”A benchmarking study of embedding-based entity
alignmentfor knowledge graphs”
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Attribute Matching

concatenate all attributes of each entity

apply different similarity measures to each combination

Levenshtein
Jaccard
Trigram-Dice

simple, yet already quite effective
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Putting it all together
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Datasets
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Shallow Datasets

Constructed from tabular data

movie datasets IMDB, TheMovieDB and TheTVDB

≈5000 – 8000 entities
≈2500 matches

overall 3 datasets

known and consistent schemata across KGs

but sparse relations and disconnected graphs
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Rich Datasets

Rich, existing KGs taken from benchmark study (Sun et al. 2020)

Wikidata, DBPedia, Yago

different combinations/versions:

sparse and densely sampled relations
multilingual (EN-DE, EN-FR)
small (15K entities/matches) and large (100K
entities/matches)
16 datasets overall
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Training Split

Following the benchmark guidelines:

Training-Validation-Test split: 20-10-70

5 fold cross-validation each

rich datasets came pre-split, shallow datasets treated
accordingly
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Results
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Experiment Setup

Investigate performance of combination trough ablation study
→Three different inputs for EAGER:

OnlyEmb: Only use embeddings

OnlyConcat: Only use concatenated attribute similarities

Concat&Emb: Use both
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Shallow Datasets (for MLP)
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Rich Datasets 15K (for MLP)
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Outlook & Conclusion
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Outlook

Investigate alternatives to blocking:

Clustering of KGE
Use sentence transformers for attributes → cluster those
embeddings

Use sentence embeddings instead of string similarities

improve negative sampling strategy
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Conclusion

Combining knowledge graph embeddings and attribute
similarities leads to significantly better results, than either on
their own

Investigated different embedding techniques and classifiers

Comparison with SOTA ER Frameworks: Competitive results
on shallow data, outperforming on deeper KGs

robust significance testing helps with comparing and
interpreting results

Code on Github:
https://github.com/jonathanschuchart/eager
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Details Results
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Significance Diagram Shallow
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Significance Diagram Rich

1234567

E, RDGCN
E, BootEA

A ‖ E, BootEA
A

A ‖ E, RDGCN
E, MultiKE
A ‖ E, MultiKE

CD

06/06/20 26



Comparison with other ER systems

Magellan: ER tool to match tables (ML classifiers available)

DeepMatcher: Deep Learning Framework for ER

Same train-val-test split as before

Magellan & DeepMatcher assume matched schemata
⇒ for shallow datasets match by hand, for rich datasets
concatenate all attributes into single attribute
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Details Comparison
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Significance Diagram Comparison Shallow
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Significance Diagram Comparison Rich
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