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ABSTRACT

In this work, we use semantic knowledge sources, such as cross-
domain knowledge graphs (KGs) and domain-specific ontologies, to
enrich structured data for various Al applications. By enriching our
understanding of the underlying data with semantics brought in
from external ontologies and KGs, we can better interpret the data
as well as the queries to answer more questions, provide more com-
plete answers, and deal with entity disambiguation. To semantically
enrich the data with external knowledge sources, we need to find
the correspondences between the structured data and the entities
in the cross-domain KGs and/or the domain-specific ontologies. In
this paper, we break this problem into several steps, and provide
detailed solutions for each step. We showcase the practical value of
semantic enrichment of data using our proposed techniques in en-
tity disambiguation, natural language querying and conversational
interfaces to data, query relaxation, as well as query answering,
with promising results.
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1 INTRODUCTION

Knowledge graphs (KGs), both hand-curated, as well as created
from unstructured, semi-structured, and structured data sources,
store information about the world in structured form and constitute
the foundation of most modern Al systems. There are many cross-
domain large-scale KGs such as DBpedia [8], Wikidata [47] and
YAGO 4 [44], which provide well-structured, encyclopedic knowl-
edge about a wide spectrum of entities, targeting coverage, but
without much detail. Domain-specific ontologies, such as FIBO [2],
FRO [3], SNOMED CT [6], and RxNorm [4], address this issue by
providing more fine-grained information about entities, complex
entity relationships and deep hierarchical relationships between
them.
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Encapsulating the rich semantic knowledge from domain-specific
ontologies into a structured dataset, provides a better understand-
ing the underlying data, and consequently, the ability to reason
at a more abstract level. This deeper data understanding enables
many Al applications, including natural language interfaces, en-
tity disambiguation, entity resolution, query relaxation, as well as
ontology-based query answering. Ontology-based natural language
interfaces (e.g., [40, 42]), for example, augment linguistic patterns
with domain knowledge and allow reasoning at the level of real-
world entities, as opposed to tables and columns, for interpreting
the user’s utterance and converting it into a structured query. Use
of external knowledge sources, such as ontologies, enable relaxing
user queries[34] with synonymous terms, and expand the querying
capabilities of the underlying systems. Ontology-based data access
systems [52] capture the domain semantics and provide a standard
description of the domain for applications to use. Ontologies and
KGs are also used in entity resolution [37] and entity disambigua-
tion [48] to find the correspondences between real-world entities.
In summary, semantic enrichment of data enables deep reasoning
capabilities that are needed in many applications.

In this work, we use both cross-domain KGs as well as domain-
specific ontologies to enrich structured data for many Al applica-
tions. The main challenge in all these Al applications is to find the
correspondences between the structured data and the entities in the
cross-domain KG and/or the domain-specific ontologies. Figure 1
identifies the many problems that needs to be solved to augment
structured data with KGs and ontologies for downstream Al appli-
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Figure 1: Semantic data enrichment for AI applications.

In most cases, a user starts with a structured data source, does
not know the domain, and hence first needs to identify the enti-
ties in the data set. We call this the entity type detection problem.
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Cross-domain KGs that contain high-level information about world
entities is a rich source of information to leverage for this problem.
Note that at this point the information about entities are still at
high-level. We also observed that the accuracy of matching data to
generic entities is limited without human intervention and is not
as specific, matching higher level concepts in a is-a hierarchy.

Once we detect the entity types, we can identify the domain of
the data set and use domain-specific ontologies to target specific
concepts with rich domain information. In some cases, a user may
already know the domain, and can skip entity type detection. We
solve the problem of matching data to ontologies in two steps. In the
first step, we first create an ontology [25, 35] from the data set, and
then use ontology to ontology matching [24]. In many cases, a single
ontology is not sufficient to cover all the data items, but require
multiple ontologies. For example, only 15 entities in the MIMIC-
III [29] dataset has matches in SNOMED CT. To match all entities,
we need to use multiple domain-specific ontologies. An important
observation is that the matches only cover a small subset of the
domain-specific ontology. Using many large ontologies slows than
the Al applications. Hence, it is important to identify and extract
only the subset that matches. This problem is know as module
extraction [11, 46] in the literature. The final step is the merging
of these many subsets extracted from multiple ontologies to create
the final enriched ontology that will power many Al applications.

In the rest of the paper, we briefly define each problem and
provide our initial results for each, including entity type detection,
ontology creation, ontology matching, and modular ontology reuse
(Sections 2 and 3). We also describe four Al applications: query
answering (Section 4.1.1), query relaxation (Section 4.1.2), NLQ
(Section 4.2), and entity disambiguation (Section 4.3).

2 DATA TO ONTOLOGY MATCHING

In this section, we describe the problems and our solutions to enrich
a given data set with external semantic knowledge sources, such
as KGs and ontologies, by finding the correspondence between
the data and ontologies. As shown in Figure 1, this involves vari-
ous steps, including entity type detection, ontology creation, and
ontology to ontology matching.

2.1 Entity Type Detection

There are many use cases where the domain of the source data is
not known. In those cases, we first need to identify entity types,
and the domain of the data set. In this section, we assume that
we are given a data set stored in an RDBMS, with its metadata
(tables, columns and a set of primary key-foreign key (PK-FK) con-
straints), and the goal is to map tables and columns to entity types.
We exploit external knowledge sources such as Wikidata [47] and
Schema.org [5] to identify high-level or generic entities such as
Person, Organization, Product, Location, etc. that are domain ag-
nostic. Wikidata is an open cross-domain knowledge graph which
provides a central repository of structured data in terms of items,
properties and values. Schema.org is an open type hierarchy initi-
ated by Google, Microsoft and others, that describes schemas for
structured data in terms of several different object/classes such as
organization, person, place, product etc.

We propose a two-step approach for entity type detection (Fig-
ure 2), using the two external knowledge sources described above.
In step 1, we map a column in a table to column-level entities in
the target knowledge source. In step 2, we map each table in the
relational schema to a table-level entity in the target knowledge
source.

Metadata-level matching
using the type hierarchy
of Schema.org

schema.org

ID | First Last Gender | Email DoB
Name | Name

1 | John Smith
2 Tim Cook
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Figure 2: Entity Type Detection in two steps

Step 1: Column-level entity mapping. Column-level entity
mapping is done using both instance data as well as the metadata as-
sociated with the relational schema of the source data set. First, we
use instance level matching using a search index created from Wiki-
data [28]. For each column in a table, we match its data instances
to the Wikidata search index using various similarity metrics, in-
cluding lexical similarity metrics such as exact match, Levenshtein,
BM25 and word embeddings using pre-trained language models
such as BERT. We, then, aggregate the instance-level matches for
each column to detect candidate column types. In addition to this,
we also use regular expressions to detect certain column types such
as date, email, etc. where the instance data is not available in the
Wikidata index.

We also do meta-data level matching using the Schema.org type
hierarchy to improve the accuracy. For each column in a table,
we match the column name to the schema.org type hierarchy and
detect candidate entity types using different similarity metrics,
including Levenshtein and Q-gram as well as word embeddings.
To combine the results of both instance level and meta-data level
matching, we first consider the top matches using the instance
level matching using Wikidata. For the columns where the instance
level matching produces very low confidence or no results, we uti-
lize the results obtained from the meta-data level matching using
Schema.org. Combining the results of instance-level and metadata
level matches, we pick the top-k! matches based on their similarity
scores as the candidates for column-level entities. Using both in-
stance data and meta-data level matching provides a robust method
for detecting entity types.

Step 2: Table-level entity detection. The key idea here is that
using the top-k column-level matches obtained, we identify the
table level entities based on a voting algorithm. More specifically,
for each column in a source table, we first list the top k column-
level candidate entities identified in Step 1, and using each column-
level entity match we map the table to a table-level entity in the

!We use k=5 in our initial results



schema.org type hierarchy. For each distinct source table, we count
the number of times a destination table-level entity is identified
for all column-level entities in the source table, and pick the entity
type with the maximum count as the table-level entity match. In
case of a tie, we use similarity metric rankings to break the tie.

Evaluation. We evaluated our entity detection algorithms on
two different data sets. The first data set contains sales data corre-
sponding to sales of different products made by employees across
different departments. The sales data is stored in a relational data-
base with a total of 28 tables and 392 columns. We limited the scope
of the evaluation to a subset of 14 columns across 6 different tables
of this data set that were relevant to 5 generic entities: Person,
Company, Product, Place and Order. Note that these are all generic
entities that are domain agnostic. The second data set is a film data
set containing information about actors, films, categories and rental
histories. The data set consists of 15 tables and 240 columns. Again
for this data set we limited the evaluation to a subset of 14 columns
across 6 tables that were relevant to the 5 generic entities listed
above.

Table 1: Entity type detection results (F1-scores)

Sales Dataset | Films Dataset
Step 1 0.71 0.79
Step 2 1.0 1.0

Table 1 shows the results in terms of F1-scores for our two step
approach for entity type detection for k=5. For Step 1, column-
level entity detection we achieved F1-scores of 0.71 and 0.79 for
the sales and films data sets, respectively. For Step 2, we evaluated
the detection of 6 tables containing the selected columns for the
two data sets. We were able to detect all the 6 table-level entities
correctly for both the data sets achieving an F1-score of 1. We
observe that even though we achieve a comparatively lower F1-
score for column-level entities, the step-2 for table level entity
detection using the voting based algorithm is quite robust and is
able to identify all the table-level entities correctly.

2.2 Ontology Creation and Enrichment

There are many use cases where we know the domain of the data
set. We can use this information to match the data to more detailed
domain-specific entities. There is a lot of work in the literature
for ontology to ontology matching [17, 26]. To take advantage of
these works, we first create an ontology from the data set, followed
by ontology to ontology matching. In the following sections, we
describe both of these steps. We support creating ontologies from
both relational data, as well as semi-structured data in JSON format.
We also introduce an ontology enrichment technique to incorporate
more semantic information before ontology matching.

2.2.1 Ontology generation from relational data. In earlier work,
we built FINESSE [25, 35] to create an ontology from a relational
schema describing the underlying data set. FINESSE uses a multi-
step approach [35] for inferring entities, their data properties and
relationships between these entities. These steps include: (1) Iden-
tifying entities. We map each table in the underlying relational

schema to an entity in the inferred ontology? with the exception
of a few tables that exist in the relational schema to enable m:n
joins. More details on this can be found in [35]. (2) Identifying data
properties. Each column in a table is mapped to a data property
of the corresponding entity that represents the table. Exceptions
include the foreign key columns. (3) Identifying relationships be-
tween entities. We use the primary key foreign key relationships
in the underlying relational schema for inferring relationships be-
tween entities, their types and cardinalities. Further, in many cases
the primary key foreign key constraints are not explicitly specified
in the relational schema. Inferring semantically richer relationships
such as parent-child (is-A) relationships between tables is also chal-
lenging. We have developed techniques to infer such relationships
from the characteristics of underlying data distributions. Further
details can be found in [35].

2.2.2  Ontology generation from JSON data. Semi-structured data
is often represented in JSON format stored in document stores. We
designed a multi-step process [35] to infer an ontology from the
JSON documents. In the first step, we build a schema tree from the
nested structure of the JSON data for each individual document.
The individual schema trees extracted from different documents are
merged into a single schema, similar to the data guide generation
process of Goldman et al. [19]. In the second step, we use the
following rules to convert the schema into an ontology.

Path A.b => Entity A, Property b of A

Path A.B.c => Entity A, Entity B,
Relation A to B, Property c of B

2.2.3 Ontology enrichment. The methods described in Sections
2.2.1 and 2.2.2 create ontologies that capture schema-level details
of the underlying data, but they are far less semantically rich than
the standard ontologies created by experts. To alleviate this issue,
we introduce entity and neighborhood augmentation heuristics to
enrich the derived ontology in [24].

For each distinct value in the source data, the entity augmenta-
tion heuristic adds an instance-level entity to the created ontology,
and connect these new entities to the existing schema-level ones via
a new relationship “instance of”. The neighborhood augmentation
heuristic adds the missing structural information to the created
ontology. If two entities in the standard ontology have an edge,
while their counterparts in the created ontology do not, a new edge
is added to the created ontology. The enriched ontology contains
rich semantic information from the instance data in the database,
which can be matched to a standard ontology with higher precision.

2.3 Ontology to Ontology Matching

As described above, data to ontology matching is the process of
finding semantic correspondences between tables in databases to
standard ontologies. Once an ontology is derived and enriched
from the source data, we can further map it to a standard domain-
specific ontology. Ontology to ontology matching is an active area
of research, with the Ontology Alignment Evaluation Initiative3
organized each year. LogMap [26] and AML [17] employ various

2 An entity corresponds to a class in an ontology. In this paper, we use the terms
concepts and entities interchangeably
Shttp://www.cs.ox.ac.uk/isg/projects/SEALS/oaei/2020/
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sophisticated features and domain-specific thesauruses to perform
ontology matching. However, these hand-crafted features often are
limited for a given data source and face the bottleneck of improve-
ment. To address these shortcomings, in [24], we introduce MEDTO
(Figure 3) to address ontology to ontology matching problem with
two innovative techniques.
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Figure 3: MEDTO system architecture (best viewed in color).

First, we employ hyperbolic graph convolution layers to encode
the parent and child entities of each entity in the hyperbolic space,
capturing the hierarchical characteristics in an ontology. Represent-
ing such hierarchical structures in the hyperbolic space would help
identify matching entities and improve the accuracy of ontology
matching. Second, we introduce heterogeneous graph layers to in-
corporate both the local structure and the global context into entity
embeddings to enrich the features of each entity. The global context
indicates the position of the entity within the broader context of the
entire ontology, providing the high degree of separation between
entities.

MEDTO leverages these two complementary representations
(i.e., hierarchical and non-hierarchical views) to improve the ontol-
ogy matching capabilities. As shown in [24], MEDTO significantly
outperforms the state-of-the-art (e.g., LogMap [26] and AML [17])
methods on matching MIMIC-III to a standard medical ontology
(i.e., SNOMED CT). Among 15 matching entitiess identified by
domain experts, MEDTO was able to match 7 and 9 tables from
MIMIC-III to SNOMED CT when Hits@10 and Hits@30, respec-
tively. Furthermore, MEDTO consistently achieves results on par or
even better than a variety of baselines (e.g., LogMap [26], AML [17],
RDGCN [51], etc.) on a benchmark (i.e., Large BioMed Track) from
the Ontology Alignment Evaluation Initiative.

3 MODULAR ONTOLOGY REUSE

Once we have matched our input data to entities defined in an
external ontology, the next steps are to extract a small subset of
the external ontology that is relevant to the matched entities (this
subset is called a module) and then construct a unified, semantically
enriched ontology for our data. In this section, we briefly describe
those steps for the case in which a single external ontology is
employed. This process, however, could be extended to incorporate
multiple such external ontologies, which we plan to investigate in
future work.

Module extraction. The external ontology O typically con-
tains a huge amount of information, most of which is not relevant
to our constructed ontology O;. For example, SNOMED CT con-
tains hundreds of thousands of entities, and in the previous section,
we presented a use-case in which only 15 of those entities were
actually matched to MIMIC-III. Our goal with module extraction is

to retain only the smallest possible subset of O that is relevant to
01, without losing its semantics. This is known in the literature as
extracting a minimal module in O3 [21]. Intuitively, for our down-
stream tasks, it makes no difference in the quality of the results
if we use the whole O, or its minimal module O/, but it makes a
huge difference in efficiency. Therefore, this step is optional and
it mainly targets performance improvements, as well as a more
manageable visualization of the data semantics, if needed.

Ontology unification. In the unification step, we merge our
constructed ontology O1 with the module O, of the external ontol-
ogy Oz. In our current implementation, the merge operation is a
simple renaming of the terms in O; with the matching terms in O,
which are typically standardized terms. We can also have entities
in O, which are not matched to entities in Os. For those entities,
we retain their names as originally defined in O;. In addition to the
methodology described above, many other merge operations are
also possible. For a comprehensive list, please refer to [15].

4 APPLICATIONS

In this section, we describe several Al applications that benefit from
the semantic enrichment introduced in Sections 2 and 3.

4.1 Ontology-Enhanced Query Answering

With query answering, we refer to the problem of providing answers
to user queries in a structured format (e.g., SQL, SPARQL), in (one-
shot) natural language text, or in a conversational space. In all those
settings, what is common is that by enriching our understanding
of the underlying data with semantics brought in from external
ontologies, we can better understand the queries, and also provide
more complete answers, compared to just using the input data.

4.1.1  Ontology-enriched query answering on relational data. In [7],
we show how we can enrich query answers on a relational database
by exploiting an external ontology (e.g., SNOMED in the medi-
cal domain). First, we enrich the data-generated ontology with a
module of the external ontology, as described in Section 2.2. Then,
using the enriched ontology as a target schema, we follow the chase
procedure from data exchange [16] to transform the input data into
this schema. This allows the users to pose queries using the vo-
cabulary of the external ontology, as well as that of the input data.
Our experimental evaluation on 15 exemplar queries taken from
the logs of a real conversational system, showed that the ontology-
enriched framework provided more answers than just relying the
knowledge coming the the underlying database in all 15 queries [7].
It could even provide answers to queries that could not have been
understood without ontology enrichment, or queries for which we
originally got 0 answers without ontology enrichment.

4.1.2  Query relaxation. In addition to providing enriched answers
using an external ontology, we show how we can leverage an ex-
ternal ontology to alleviate the mismatch between the KB and the
colloquial and imprecise terminology used in queries. In [34], we
introduce a domain-specific query relaxation approach that lever-
ages rich domain vocabularies and their semantic relationships
from an external ontology to expand both the set of queries that
we can answer, as well as the set of answers to the queries, over the
KB. We introduce a lightweight adaptation method to customize



and incorporate external ontologies to work with the existing KB,
and propose a novel similarity metric to leverage the information
content in the KB, the structural information in the external knowl-
edge source, and the contextual information from user queries. The
experimental results and user study in [34] show that the proposed
query relaxation method outperforms state-of-the-art methods,
including deep learning-based ones, in precision and recall and
improve the response quality of a query answering system.

4.2 Natural Language Querying and
Conversational Systems

The use of ontologies to build natural language interfaces to data
allows us reason about the underlying data in terms of real world
entities and their relationships. This enables a richer semantic un-
derstanding of natural language queries and enable better query
interpretation. This is in sharp contrast to working at the level of
physical relational schema elements such as tables and columns, as
real world entities tend to be spread across multiple such elements.
Reasoning at the level of such physical schema level elements makes
it much harder to interpret and respond to natural language queries.

4.2.1 Natural language querying. In [40, 42], we build ontology-
based natural language interfaces, using domain knowledge to
augment understanding of linguistic patterns and support natural
language querying of structured data.

ATHENA [40] utilizes the information in a given ontology that
represents the schema of the underlying data and an associated
mapping between the individual elements of the ontology and the
relational schema. A set of synonyms can be associated with each
ontology element. When translating an input query into a SQL
query, ATHENA uses an intermediate ontology query language
(OQL) expressed over the ontology before subsequently translating
it into SQL. ATHENA++ [42] extends ATHENA to support nested
query detection and generation, both of which use the ontology for
better accuracy. The extensive experiments show that ATHENA++
achieves 88.33% accuracy on the FIBEN benchmark [1] and 78.89%
accuracy on Spider benchmark [54], consistently outperforming
state-of-the-art systems.

In [23], we demonstrate the capability of our NLQ system to
support querying process automation data stored in JSON format
in Elasticsearch. We utilize process-specific artifacts and event logs
to derive an ontology for querying event logs. We also introduce a
novel translation algorithm to take a backend agnostic OQL query
represented in terms of ontology and translate it to an executable
DSL query over Elasticsearch.

4.2.2  Conversational systems. In addition to supporting one-shot
NLQ systems like ATHENA++, we further demonstrate the effec-
tiveness of using the semantically rich ontologies to build conver-
sational systems [38, 39]. We propose an ontology-driven approach
that leverages the domain-specific information captured in the on-
tology, to automatically bootstrap the conversational system in
terms of intents (the questions that the system can identify and
answer), entities (the system vocabulary) and the dialog to support
the desired interaction with the system in natural language.

In [38] we propose an ontology-based conversational system for
querying domain specific knowledge bases. In particular, we build

algorithms that map common usage patterns to the elements of the
domain ontology representing the underlying data, to identify user
intents as well as the key entities that are involved. We automate
the process of generating training samples to learn a model for
the conversation service to interpret and respond to user queries
against the knowledge base.

In [39] we extend the conversational system to support Business
Intelligence (BI) applications. The ontology in this case is created
from the OLAP cube definition (Business Model) against the under-
lying data stored in a relational database. The ontology provides an
entity-centric view of the OLAP cube definition in terms of Mea-
sures (quantifiable attributes), Dimensions (categorical attributes),
their hierarchies and relationships. We leverage the common ac-
cess patterns observed in BI workloads and map them onto the
semantically rich BI ontology to generate appropriate intents, their
training examples and structure the dialog to support common BI
operations.

4.3 Entity Disambiguation

Domain-specific ontologies, created and enriched from heteroge-
neous data sources, are expected to provide high-quality infor-
mation to facilitate decision making. Entity disambiguation (also
referred to as entity linking) leverages the wealth of such ontologies
to identify entities in a data source and finds their correspondences
in the ontology.

In [48], we introduce ED-GNN (Figure 4) based on three rep-
resentative GNNs (GraphSAGE, R-GCN, and MAGNN) for entity
disambiguation. The overall idea is to represent the entity mentions
in a text snippet as a graph to capture their interdependence, since
these entity mentions are likely to share similar or relevant context.
We then model entity disambiguation as a graph matching problem.
The proposed ED-GNN not only collectively learns the contextual
information and structural interdependence of entity mentions in
the given text snippets, but also captures discriminative contextual
information of entities in an ontology.
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Figure 4: ED-GNN architecture (best viewed in color).



In ED-GNN, we develop two optimizations to improve its disam-
biguation capability. First, after constructing a query graph (repre-
senting the entity mentions in a text snippet), ED-GNN augments
this graph with domain knowledge from the ontology. Second,
ED-GNN is equipped with an effective negative sampling strat-
egy, which challenges ED-GNN to learn from difficult samples to
improve the model’s disambiguation capability. The experimental
results in [48] show that ED-GNN with the above two optimization
techniques consistently outperforms the state-of-the-art entity dis-
ambiguation solutions in five real-world datasets by up to 16.4% in
F1 score.

5 RELATED WORK

Ontology matching. Traditional feature-based approaches have
been investigated for ontology matching, including terminological-
based features, structural-based features and employing external
semantic thesauruses for discovering semantically similar entities.
LogMap [26] relies on lexical and structural indexes to enhance its
scalability. AML [17] also employs various sophisticated features
and domain-specific thesauruses to perform ontology matching.
Feature-based methods mainly employ crafting features to achieve
specific tasks. Unfortunately, these hand-crafted features will be
limited for a given task and face the bottleneck of improvement.

Representation learning has limited impacts on ontology match-
ing. DeepAlignment [31] is an unsupervised ontology matching
system, which refines pre-trained word embeddings with the de-
scriptions of entities, including synonymy and antonym extracted
from general lexical resources and information captured implicitly
in ontologies. Similar to DeepAlignment, a framework is introduced
for medical ontology alignment [32], based on terminological em-
beddings. The retrofitted word vectors are learned from the domain
knowledge encoded in ontologies and semantic lexicons.

Modular reuse of ontologies. Extracting a minimal module
from an ontology for a specific set of target classes and properties
from an ontologies comes from the theory of Description Logics,
the fragment of first-order logic underlying ontologies. Depending
on the expressivity of the target ontology, this problem may even be
undecidable [21]. For that reason, efficient syntactic locality-based
approximations [21, 27] and module extraction methods based on
atomic decomposition [46] have emerged. In our query-answering
setting®, we have used the locality-based approach from an open-
source library®. For a comprehensive literature review of this area,
we refer the readers to [21, 46].

Graph neural networks. Graph representation learning has
been shown to be extremely effective, achieving promising results
in various domains over graph-structured data [22, 30, 36, 45, 53].
GCN [30] is a graph convolutional network via a localized first-
order approximation of spectral graph convolutions. The semi-
nal GNN framework, GraphSAGE [22], learns node embeddings
through aggregating from a node’s local neighborhood using induc-
tive learning. Graph attention networks (GAT) [45] are introduced
to learn the importance between nodes and their neighbors, and
fuse the neighbors to perform node classification.

“https://github.com/IBM/ontology-enriched-query-answering
Shttps://github.com/ernestojimenezruiz/locality-module-extractor

Heterogeneous graph embedding has also received much re-
search attention recently [10, 18, 41, 49], as many KBs also fall
under the general umbrella of heterogeneous graphs. For exam-
ple, R-GCN [41] distinguishes different neighbors with relation-
specific weight matrices. Heterogeneous graph attention network
(HAN) [49] leverages a graph attention network architecture to
aggregate information from the neighbors and then to combine
various metapaths through the attention mechanism. Inspired by
HAN, HetGNN [55] encodes the content of each node into a vector
and then adopts a node type-aware aggregation function to collect
information from the neighbors. MAGNN [18] captures all neigh-
bor nodes and the metapath context using both intra-metapath
aggregation and inter-metapath aggregation. Thus, the generated
node embeddings preserve the comprehensive semantics in the
heterogeneous graphs.

Entity disambiguation. For many years, entity disambigua-
tion (also referred to as entity linking) has been an active field of
research [43]. A related task, entity matching, has also been studied
extensively in the context of structured data [12, 13, 33]. Recently,
[20, 37] investigated various DL-based methods for entity match-
ing, and concluded that although DL-based techniques do not offer
significant advantages for structured data, they outperform cur-
rent solutions considerably for textual entity matching. NCEL [9]
applies graph convolutional network to integrate both local contex-
tual features and global coherence information for entity linking.
COM-AID [14] introduces a composite attentional encode-decode
neural network in healthcare. It encodes an entity into a vector and
decodes the vector into a text snippet with the help of textual and
structural contexts. NormCo [50] is designed for disease normal-
ization. It models entity mentions using a semantic model, which
consists of an entity phrase model using word embeddings and a
coherence model of other disease mentions using an RNN. The final
model combines both sub-models trained jointly.

6 CONCLUSION

In this paper, we describe semantic enrichment of structured data
using external semantic knowledge sources for various Al appli-
cations. We identify several sub-problems and provide a suite of
solutions to address these sub-problems, including entity type de-
tection, ontology creation, ontology matching, module extraction,
and ontology unification. We discuss how deep semantic under-
standing of data empowers four applications: natural interfaces to
data, ontology-based query answering, query relaxation, and entity
disambiguation.

In general, a given dataset will have correspondences to multiple
domain-specific ontologies. The techniques that we discussed in
this paper match the data to one ontology at a time. We still need a
mechanism to merge the modules extracted from multiple ontolo-
gies into one coherent ontology. We plan to address this problem
as future work.
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