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Motivation

Knowledge graphs
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Motivation

Query answering on knowledge graphs

oW oL g/\NﬂdA
¢ @7

. Hun ol
S(jLJ(\m&,@AMLM

PN}

®

- Efficient algorithms has been developed to evaluate queries on knowledge graphs :)
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Motivation

Query answering on incomplete knowledge graphs
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- most knowledge graphs are incomplete :(
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Motivation

Current approaches come from the machine learning community
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Motivation

Current approaches come from the machine learning community
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Overview

1. Our approach
1.1 Graph completion
1.2 Query evaluation

2. Implementation and practical challenges
2.1 Implementation
2.2 Training
2.3 Efficiency
2.4 Choice of evaluation metrics

3. Open questions and future work
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Our approach
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Graph completion

What do we need?
1. An incomplete graph
2. Something to predict missing information

3. Space to store the completed graph

9/21



Graph completion

What do we need?
1. An incomplete graph
2. Something to predict missing information
3. Space to store the completed graph

9/21



Graph completion

To do the graph completion we use link predictors

Definition (Link predictor)

A link paoticlon  maps fods dv Scores
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Graph completion

Using the link predictor, we complete the graph
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Graph completion

Using the link predictor, we complete the graph
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Looks a lot like a probabilistic database...
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Query evaluation

We draw techniques from probabilistic query evaluation, and use possible worlds

semantics Q‘LC?Q P 3% . R(UL(%B A R(%)%\ .
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Query evaluation

We draw techniques from probabilistic query evaluation, and use possible worlds
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Query evaluation

We draw techniques from probabilistic query evaluation, and use possible worlds
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Query evaluation
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Implementation and experimental setup

® As link predictor we use Neural Bellman-Ford Networks (NBFNets)

® Both the training of the link predictor and the graph completion process is done
using GPUs

® \We evaluate the model on the BetaE benchmark query set, plus extra cyclic queries
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Practical challenges

One of the main reasons why this approach has been overlooked in previous work is
because it comes with significant practical challenges
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Efficiency
Lo oo a U mg o SMW\%L thae .
UL W A LTS LML

( Horusoond <
o pavcimaek LGS heue (hwwdaed of)
> ijJA~%i *—{ 61/4\ | ijJk()k ylAAJV\Cij«((>Q/& (:{}b%+€/\i21/i;ﬁ‘ (\JLJZA;C%7—0\71/25 N

{

100 & ,‘ bel 200

—_—

ook

18/21



Efficiency

*USE OF SPARSE MATRACHL.
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Efficiency

e USE OF SPARSE MATRICHA. L e MEMORY
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Training

How do we train the link predictor?
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Evaluation metrics

Normally, the models for complex query answering are evaluated using ranking metrics
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Normally, the models for complex query answering are evaluated using ranking metrics
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Open questions and future work

Although overlooked, the idea of completing the graph and further querying such
completion could benefit from further exploration.

® can we train the link predictors using complex queries in an end-to-end schema?
® does improvement for graph completion translates to query answering?

® are there more efficient ways to evaluate queries in this scenario?
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