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Abstract

The use of knowledge graphs has proliferated into many different industrial applications
in recent years, for example, in knowledge management systems, in infrastructure man-
agement systems, for the purpose of fraud detection, etc. Querying the knowledge graphs
has become even more important because of such widespread industrial applications. We
are interested in special types of knowledge graph queries where-in all the query keywords
do not occur in the same entity, and the expected answer entity (one or more) may not
contain any of the query keywords. The answer entities are connected to the entities which
contain the keywords via various relationships of the knowledge graphs. As a result, stan-
dard techniques of document search are not applicable for this problem of querying the
knowledge graphs, mainly because those techniques rank the documents which contain the
query keywords.

In this thesis, we analyze two types of knowledge graph queries, ‘relationship queries’,
and ‘factoid queries’. The first one comprises a set of keywords often indicating different
entities, and the second one is a natural language sentence that mentions one or more
entities. Against both of these types of queries, the answer entities may not contain the
query keywords, they (answer entities) may however be connected to the entities containing
the query keywords in the knowledge graph.

Relationship queries have been studied for many years, using various terminologies,
e.g., keyword search, Steiner tree in a graph etc., the solutions proposed in the literature
so far either don’t guarantee the optimality of answers retrieved or don’t utilize distributed
parallel processing paradigm. Such an approach can be used for scaling relationship queries
to large graphs having millions of nodes and edges, such graph are now publicly available in
the form of ‘linked open data’(LOD). In this thesis, we present an algorithm for distributed
keyword search (DKS) on large graphs, based on the graph parallel computing paradigm
Pregel. We also present a proof of correctness of our algorithm. FEven if terminated
early, our algorithm produces approximate answers along with bounds. We describe an
optimized implementation of our algorithm along with time-complexity analysis. Finally,
we report experimental results on LOD data, and demonstrate efficiency of our approach
on large graphs.

Further, answering natural language questions posed on a knowledge graph requires
traversing an appropriate sequence of relationships starting from the mentioned entities.
To answer complex queries, we often need to traverse more than two relationships. Tra-
ditional approaches traverse at most two relationships, as well as typically first retrieve
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candidate sets of relationships using indexing etc., which are then compared via machine-
learning. Such approaches rely on the textual labels of the relationships, rather than the
structure of the knowledge graph. In this thesis, we present a novel approach KG-REP
that directly predicts the embeddings of the target relationships against a natural lan-
guage query, avoiding the candidate retrieval step, using a sequence to sequence neural
network. Our model takes into account the knowledge graph structure via novel entity
and relationship embeddings. We release a new dataset containing complex queries on a
public knowledge graph that typically require traversal of as many as four relationships to
answer. We also present a new benchmark result on a public dataset for this problem.
Finally, we conclude with a perspective on open problems in this domain, and highlight
how the advances in this field can impact general capability of computational systems.
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