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Abstract

The integration of external knowledge graphs has emerged as a powerful approach to enrich
conversational Al systems with coherent and knowledge-rich conversations. This paper provides an
overview of the integration process and highlights its benefits. Knowledge graphs serve as structured
representations of information, capturing the relationships between entities through nodes and edges.
They offer an organized and efficient means of representing factual knowledge. External knowledge
graphs, such as DBpedia, Wikidata, Freebase, and Google's Knowledge Graph, are pre-existing
repositories that encompass a wide range of information across various domains. These knowledge graphs
are compiled by aggregating data from diverse sources, including online encyclopedias, databases, and
structured repositories. To integrate an external knowledge graph into a conversational Al system, a
connection needs to be established between the system and the knowledge graph. This can be achieved
through APIs or by importing a copy of the knowledge graph into the Al system's internal storage. Once
integrated, the conversational Al system can query the knowledge graph to retrieve relevant information
when a user poses a question or makes a statement. When analyzing user inputs, the conversational Al
system identifies entities or concepts that require additional knowledge. It then formulates queries to
retrieve relevant information from the integrated knowledge graph. These queries may involve searching
for specific entities, retrieving related entities, or accessing properties and attributes associated with the
entities. The obtained information is used to generate coherent and knowledge-rich responses. By
integrating external knowledge graphs, conversational Al systems can augment their internal knowledge
base and provide more accurate and up-to-date responses. The retrieved information allows the system to
extract relevant facts, provide detailed explanations, or offer additional context. This integration
empowers Al systems to deliver comprehensive and insightful responses that enhance user experience.
As external knowledge graphs are regularly updated with new information and improvements,
conversational Al systems should ensure their integrated knowledge graphs remain current. This can be
achieved through periodic updates, either by synchronizing the system's internal representation with the
external knowledge graph or by querying the external knowledge graph in real-time.
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Introduction

Neural dialog systems, powered by deep
learning techniques, aim to generate
human-like responses in conversational
settings [1]. However, without proper
contextual understanding, these systems
may produce generic or irrelevant
responses, leading to a poor user experience
[2]. To address this issue, researchers have
focused on developing techniques to enable
neural dialog systems to better comprehend
the context of the conversation.

One approach to improving contextual
understanding is the use of contextual
embeddings. These embeddings capture the
semantic meaning of words or phrases
within their surrounding context. By
incorporating contextual embeddings into
neural dialog systems, the models can better
grasp the nuances and subtleties of the
conversation. This enables the system to
generate more contextually relevant and
coherent responses, aligning with the user's
intentions and preferences [3].

Another  technique  for  contextual
understanding is the integration of attention
mechanisms. Attention mechanisms allow
the neural dialog system to focus on
specific parts of the conversation that are
most relevant to generate a response. By
attending to the context, the system can
better understand the user's query or
statement and respond accordingly.
Attention mechanisms enable the model to
capture long-range dependencies and
maintain a coherent dialogue flow,
resulting in more accurate and context-
aware responses.

Furthermore, pre-training and fine-tuning
strategies have been employed to enhance
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contextual understanding.  Pre-training
involves training the neural dialog system
on large amounts of data to learn general
language patterns and contextual cues.
Fine-tuning is then performed on a smaller
task-specific dataset to adapt the model to
the specific dialogue domain. This
combination of pre-training and fine-tuning
helps the system to acquire a broader
contextual understanding, enabling it to
handle a wide range of conversational
scenarios and improve response generation.

Additionally,  reinforcement  learning
techniques have been utilized to reinforce
the contextual understanding of neural
dialog systems. By formulating the dialog
generation process as a reinforcement
learning problem, the system can learn to
select responses that align with the desired
context and optimize specific dialogue
objectives, such as relevance, coherence, or
user satisfaction. Reinforcement learning
provides a framework for training dialog
systems to adapt their responses based on
the ongoing conversation and improve
contextual understanding over time.

Leveraging external knowledge sources can
significantly enhance contextual
understanding in neural dialog systems.
Integrating knowledge bases or ontologies
allows the system to access factual
information and domain-specific
knowledge relevant to the conversation. By
incorporating external knowledge, the
system can generate more accurate and
informative responses, thereby improving
contextual understanding. Techniques such
as knowledge graph embeddings or
memory networks can facilitate efficient
retrieval and utilization of external
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knowledge to enhance the dialog system's
overall performance [4].

External knowledge graphs are structured
representations of information from various
sources, such as databases, ontologies, or
the web. They consist of entities, their
attributes, and the relationships between
them, forming a rich network of
interconnected knowledge. Incorporating
external knowledge graphs into various
applications has gained significant attention
due to their ability to enhance contextual
understanding and enable intelligent
decision-making [5], [6].

One crucial application of external
knowledge graphs is in question answering
systems. By leveraging the information
stored in a knowledge graph, question
answering systems can retrieve accurate
and comprehensive answers to user queries.
The knowledge graph acts as a repository of
factual knowledge, enabling the system to
access a wide range of information and
provide precise responses based on the
context of the question.

NLP involves various subtasks, including
syntactic analysis, semantic understanding,
sentiment analysis, machine translation,
information retrieval, and text generation,
among others [7]. Natural Language
Understanding (NLU) is a subset of Natural
Language Processing (NLP) that focuses on
the comprehension and interpretation of
human language by machines [8], [9]. It
encompasses various techniques and
algorithms to enable machines to derive
meaning from text or speech data. NLU
involves complex processes such as
syntactic analysis, semantic parsing, and
pragmatic understanding, aiming to bridge
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the gap between human language and
machine understanding [10].

At its core, NLU involves the application of
advanced machine learning models and
algorithms to extract relevant information
and knowledge from textual data [11], [12].
Syntactic analysis, also known as parsing,
is a fundamental component of NLU that
involves analyzing the grammatical
structure of sentences. It helps identify the
relationships between words, parts of
speech, and the overall sentence structure,
enabling machines to understand the
syntactic nuances of human language.

In the domain of natural language
understanding, external knowledge graphs
play a vital role in semantic parsing and
entity linking. Semantic parsers use
knowledge graphs to map natural language
expressions to their corresponding logical
forms or structured representations [13]. By
relying on the rich information encoded in
the graph, semantic parsing models can
better interpret and understand the meaning
of user queries, facilitating more accurate
and context-aware responses [14].

Furthermore, external knowledge graphs
have significant implications in information
retrieval and recommendation systems. By
incorporating  graph-based algorithms,
these systems can leverage the relationships
and semantic connections within the graph
to improve search results or recommend
relevant items. The knowledge graph
provides a holistic view of the information
space, allowing for more sophisticated and
personalized recommendations based on
user preferences and contextual relevance
[15].
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In the field of machine learning, external
knowledge graphs are utilized to enhance
model performance and generalization
[16]n. Knowledge graph embeddings
enable the representation of entities and
relationships in a low-dimensional space,
capturing semantic  similarities  and
enabling reasoning. These embeddings can
be used to augment neural models,
providing them with additional information
and enhancing their ability to understand
and generate  contextually relevant
responses [17].

External knowledge graphs also find
applications in the domain of knowledge
graph completion and population. These
tasks involve inferring missing
relationships or attributes within a
knowledge graph or expanding the graph
with new information from external
sources. By leveraging external knowledge,
these tasks can be approached as a
combination of data mining and knowledge
graph integration, enabling the system to
augment and enrich the existing graph with
new knowledge [18].

The integration of external knowledge
graphs has significant implications for the
finance industry [19]. Finance relies
heavily on accurate and up-to-date
information to make informed decisions,
and integrating external knowledge graphs
into conversational Al systems can greatly
enhance the industry's ability to access and
analyze financial data. By connecting with
external knowledge graphs such as
financial databases, market research
repositories, and economic indicators,
conversational Al systems can provide real-
time financial insights, historical trends,
and predictive analytics to financial
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professionals and individual investors.
These systems can quickly retrieve relevant
information about companies, financial
instruments, market conditions, and
regulatory updates, enabling users to make
more informed investment decisions and
manage their portfolios effectively.
Additionally, integrating external
knowledge graphs allows conversational Al
systems to stay up-to-date with the latest
financial news, trends, and market
developments, providing timely and
accurate information to users. This
integration empowers the finance industry
by leveraging comprehensive  and
knowledge-rich responses to navigate the
complexities of financial markets [20].

In the healthcare industry, the integration of
external knowledge graphs can
revolutionize patient care and medical
research [21]. Healthcare professionals rely
on accurate and comprehensive information
to diagnose illnesses, develop treatment
plans [22], and stay updated with the latest
medical advancements [23]. By integrating
external knowledge  graphs into
conversational Al systems, healthcare
providers can access a wealth of medical
knowledge from various sources, including
research papers, clinical guidelines, drug
databases, and patient records [24], [25].
This integration enables conversational Al
systems to assist healthcare professionals in
making evidence-based decisions [26],
[27], suggesting appropriate diagnostic
tests, recommending treatment options, and
providing accurate medical information to
patients [28], [29]. Furthermore, by
analyzing patient data and comparing it
with information in the integrated
knowledge graph [30], [31], these systems
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can identify patterns, correlations, and
potential risks, contributing to early disease
detection and personalized medicine [32],
[33]. The integration of external knowledge
graphs in healthcare also promotes
collaboration and knowledge sharing
among medical professionals [34], [35]. By
accessing shared repositories of medical
knowledge, clinical expertise, and best
practices, healthcare providers can benefit
from collective intelligence, leading to
improved patient outcomes and more
efficient healthcare delivery [36].

Beyond these, the integration of external
knowledge graphs has transformative
potential in various industries. For example,
in the retail sector, conversational Al
systems can leverage knowledge graphs to
provide personalized shopping
recommendations, access product
information from vast catalogs, and offer
insights into consumer trends and
preferences. This integration enhances the
customer experience by delivering tailored
recommendations, relevant product details,
and comparisons. In the education sector,
conversational Al systems integrated with
knowledge graphs can provide students
with interactive and knowledge-rich
learning experiences [37], [38]. These
systems can answer questions, explain
complex concepts, and provide access to
educational  resources from  diverse
domains, fostering a deeper understanding
of subjects. Moreover, in the transportation
and logistics industry, the integration of
external knowledge graphs can facilitate
route  optimization, real-time traffic
updates, and supply chain management. By
accessing data from traffic databases,
weather forecasts, and inventory systems,
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conversational Al systems can offer
efficient logistics solutions and enhance
operational efficiency. Overall, integrating
external knowledge graphs into
conversational Al systems opens doors to
innovation and empowers industries to
leverage vast amounts of structured
information for enhanced decision-making,
improved customer experiences, and
optimized processes [39].

Integration of external knowledge
graphs

Knowledge Graphs:

Knowledge graphs are powerful tools for
organizing and representing factual
knowledge in a structured manner. They
provide a way to capture and model
complex relationships between entities,
enabling efficient retrieval and analysis of
information. In a knowledge graph, nodes
represent entities such as people, places, or
concepts, while edges represent the
relationships between these entities.

The structure of a knowledge graph is
typically hierarchical, allowing for the
representation of different levels of
abstraction and granularity [40]. This
hierarchical organization enables efficient
navigation and exploration of the graph, as
well as the ability to capture and represent
semantic relationships. By structuring
information in this way, knowledge graphs
facilitate the discovery of new insights and
patterns that might not be immediately
apparent in unstructured data.

One of the key advantages of knowledge
graphs is their ability to capture both
explicit and implicit relationships between
entities. Explicit relationships are those that
are explicitly stated or defined, such as "is-
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a" or "part-of" relationships. Implicit

different domains. By mapping the entities

Figure 1. A knowledge graph capturing the domain semantics
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relationships, on the other hand, are inferred
or derived based on the context and the
existing relationships within the graph.
These implicit relationships can help
uncover hidden connections and provide a
more comprehensive understanding of the
underlying data.

Knowledge graphs are commonly used in
various domains, including information
retrieval, natural language processing, and
data integration. In information retrieval,
knowledge graphs enable more precise and
relevant search results by leveraging the
structured relationships between entities. In
natural language processing, knowledge
graphs can aid in semantic understanding
and disambiguation of text by linking
entities to their corresponding concepts and
relationships.

Data integration is another area where
knowledge graphs play a crucial role. They
provide a unified representation of
heterogeneous data sources, allowing for
the integration and fusion of data from
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and relationships from various sources into
a single knowledge graph, it becomes easier
to analyze and reason over the integrated
data.

External Knowledge Graphs:

External knowledge graphs are valuable
resources that provide a vast amount of
information on diverse topics. They are pre-
existing knowledge graphs that have been
created by aggregating data from multiple
sources, including online encyclopedias,
databases, and structured data repositories.
Examples of such external knowledge
graphs include DBpedia, Wikidata,
Freebase, and Google's Knowledge Graph
[41].

DBpedia, for instance, is a knowledge
graph that extracts structured data from
Wikipedia, turning unstructured text into a
structured representation. It captures
information about various entities such as
people, places, and events, along with their
relationships. Similarly, Wikidata is a
collaborative knowledge graph that collects
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structured data from various Wikimedia
projects, encompassing a broad range of
topics [42].

Freebase, which has now been incorporated
into Wikidata, was a vast knowledge graph
maintained by Google. It consisted of
millions of entities and their relationships,
covering areas like notable people, books,
films, and more. Google's Knowledge
Graph, on the other hand, is an example of
an external knowledge graph built
specifically to enhance search results by
providing direct answers and contextually
relevant information in search queries.

These external knowledge graphs serve as
valuable  resources for  researchers,
developers, and data scientists. They offer a
rich source of structured information,
enabling users to access and utilize a wide
range of factual knowledge. By leveraging
these knowledge graphs, developers can
enhance their applications with features like
semantic search, entity recognition, and
relationship extraction [43].

Moreover, external knowledge graphs
foster interoperability and data integration.
They provide a common framework for
linking and connecting information from
different sources, allowing for the seamless
exchange of data across platforms. By
aligning their own data with the structure
and schema of these external knowledge
graphs,  organizations can  ensure
compatibility and improve the
discoverability of their information.

Knowledge Graph Integration:

Integrating an external knowledge graph
into a conversational Al system requires
establishing a connection between the
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system and the knowledge graph. This
connection enables the Al system to query
the knowledge graph for retrieving relevant
information during conversations. There
are two primary approaches to achieve this
integration: using APIs or importing a copy
of the knowledge graph into the Al system's
internal storage.

One common method is to leverage APIs
provided by the external knowledge graph.
Knowledge graph providers often expose
APIs that allow developers to send queries
and receive responses containing the
requested information. These  APIs
typically support various query types, such
as retrieving entity details, finding related
entities, or exploring specific relationships.
The conversational Al system can make use
of these APIs to dynamically retrieve and
incorporate knowledge graph data into its
responses.

Alternatively, the Al system can import a
copy of the knowledge graph into its
internal storage. This approach involves
downloading or importing the data from the
external knowledge graph and storing it
within the Al system's infrastructure. By
having a local copy of the knowledge graph,
the Al system can perform efficient and fast
queries without relying on external APIs.
This approach is particularly useful in
scenarios where frequent and real-time
access to the knowledge graph is required,
or when offline availability is desired.

The choice between using APIs or
importing a copy depends on factors such
as the size of the knowledge graph, the
frequency of updates, and the desired
latency of query responses. If the
knowledge graph is large and frequently
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updated, utilizing APIs might be more
suitable as it ensures access to the most up-
to-date information. On the other hand,
importing a copy of the knowledge graph is
advantageous for scenarios where quick
response times and offline capabilities are
crucial, but it requires managing the
synchronization and updating of the local

copy.

Once the connection is established, the
conversational Al system can utilize query
mechanisms, such as SPARQL (a query
language for RDF-based knowledge
graphs), to formulate queries and retrieve
relevant information from the knowledge
graph. The Al system can then leverage the
retrieved data to enhance its responses,
provide accurate and contextually
appropriate information, and enrich the
conversational experience for users.

Querying the Knowledge Graph:

In a conversational Al system, when a user
poses a question or makes a statement, the
system  employs natural  language
processing techniques to analyze the input
and identify entities or concepts that require
additional  knowledge. This process
involves understanding the user's intent and
extracting relevant information [44].

Once the entities or concepts have been
identified, the conversational Al system can
formulate a query to retrieve relevant
information from the integrated knowledge
graph. The query is designed to search for
specific entities or explore relationships
between entities to gather the necessary
information for responding to the user's
inquiry [45].
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For example, if a user asks, "Who is the
president of the United States?" the
conversational Al system can identify the
entity "president” and formulate a query to
the  knowledge graph,  requesting
information about the current president of
the United States. The query might involve
searching for entities with the attribute
"role” or "position" being "president” and
filtering by the attribute "country” being
"United States."

In another scenario, if a user states, "Tell
me about the Eiffel Tower," the Al system
can identify the entity "Eiffel Tower" and
query the knowledge graph to retrieve
relevant information about its history,
construction, location, and other associated
properties [46].

The formulation of the query depends on
the structure and capabilities of the
knowledge graph. The Al system needs to
construct the query in a format compatible
with the query language or API provided by
the knowledge graph. Common query
languages for knowledge graphs include
SPARQL and GraphQL, which enable
expressive and precise retrieval of
information.

Once the query is executed against the
knowledge graph, the conversational Al
system receives the retrieved information,
which can be used to generate a response
for the user. The retrieved data may include
attributes, relationships, or additional
entities that provide context and enrich the
answer provided by the Al system [47]. By
leveraging the integrated knowledge graph
in this way, the conversational Al system
can enhance its ability to provide accurate
and contextually appropriate responses to
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user queries. It allows the system to tap into
a vast repository of structured information,
ensuring that the responses are well-
informed and tailored to the user's needs
[48].

Generating Responses:

Once the conversational Al system receives
information from the knowledge graph, it
can utilize it to enrich its responses with
coherent and knowledge-rich content. By
accessing the knowledge graph, the system
gains access to a vast repository of
structured information, including facts,
relationships, and attributes. This enables
the system to extract relevant and accurate
information that can be used to generate
comprehensive and detailed responses [49].

For example, if a user asks a question about
a historical event, the conversational Al
system can query the knowledge graph to
retrieve specific details, such as dates,
locations, and key individuals involved. It
can then incorporate this information into
its response, providing the user with a more
informative and contextually relevant
answer.

In addition to providing factual
information, the knowledge graph can also
enable the conversational Al system to offer
detailed explanations or additional context
[50]. By leveraging the relationships within
the knowledge graph, the system can
provide a deeper understanding of the topic
at hand. For instance, if a user asks about a
particular scientific concept, the system can
access the knowledge graph to retrieve
related concepts, theories, or experiments,
allowing it to offer a more comprehensive
explanation.
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Moreover, integrating external knowledge
graphs into the conversational Al system
allows for the augmentation of its internal
knowledge base. While the system may
have its own pre-existing knowledge, it
may not cover all domains or be up to date
with  the latest information. By
incorporating external knowledge graphs,
the system can overcome these limitations
and provide users with accurate and up-to-
date responses based on the information
stored in the graph.

Updating and Maintaining Knowledge:
External knowledge graphs are dynamic
entities that are continuously updated with
new information and improvements. To
keep the conversational Al system up-to-
date, it is crucial to periodically update the
integrated knowledge graph. This ensures
that the system has access to the latest data
and can provide users with the most
accurate and relevant information.

The updating process can involve
synchronizing the system's internal
representation of the knowledge graph with
the external knowledge graph. This
synchronization ensures that the system's
internal knowledge base reflects the
changes and additions made to the external
knowledge graph. By periodically syncing
the two representations, the conversational
Al system can maintain alignment with the
latest information.

Additionally, the system can also query the
external knowledge graph in real-time
when responding to user queries. This
approach allows the system to access the
most up-to-date information directly from
the external knowledge graph at the
moment of generating a response. By
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querying the knowledge graph in real-time,
the system can ensure that it provides users
with the most accurate and current
information available.

Updating the integrated knowledge graph
may involve various techniques depending
on the specific implementation. It can
include techniques such as data extraction,
transformation, and loading (ETL)
processes to ingest new data into the
system's internal representation.
Furthermore, incremental updates can be
applied to minimize computational
overhead and ensure efficient
synchronization between the internal and
external knowledge graphs.

By regularly updating the integrated
knowledge graph, the conversational Al
system can ensure that it stays aligned with
the most recent information. This allows the
system to provide users with accurate and
relevant responses, incorporating the latest
data and improvements from the external
knowledge graph. Whether through
periodic synchronization or real-time
guerying, maintaining an  updated
knowledge graph enhances the system's
ability to deliver current and reliable
information in conversational interactions.

Conclusion

Knowledge graphs serve as powerful tools
for structuring and organizing factual
knowledge. They utilize nodes to represent
entities and edges to represent the
relationships between these entities. By
capturing these relationships, knowledge
graphs enable a deeper understanding of
information and facilitate advanced data
analysis. Their popularity has grown across
various domains, including artificial
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intelligence, natural language processing,
and data management.

External knowledge graphs, which are
already existing knowledge graphs, contain
a wide range of information on various
topics. These knowledge graphs are created
by aggregating data from multiple sources,
such as online encyclopedias, databases,
and structured data repositories. Notable
examples of external knowledge graphs
include DBpedia, Wikidata, Freebase, and
Google's Knowledge Graph. These
extensive resources offer a wealth of
information that conversational Al systems
can utilize.

Integrating an external knowledge graph
into a conversational Al system involves
establishing a connection and enabling the
system to query the graph for relevant
information. This integration can be
achieved by using APIs provided by the
knowledge graph or by importing a copy of
the graph into the Al system's internal
storage. By connecting to external
knowledge graphs, conversational Al
systems gain access to vast pools of
knowledge and enhance their ability to
provide accurate and contextually rich
responses.

When a user interacts with a conversational
Al system, the system examines the input
and identifies entities or concepts that
require additional knowledge. To retrieve
the relevant information, the system
formulates queries to the integrated
knowledge graph. These queries may
involve searching for specific entities,
retrieving related entities, or finding
properties and attributes associated with the
entities. By querying the knowledge graph,
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the system obtains the necessary
information to generate informative and
coherent responses.

By leveraging the information obtained
from the knowledge graph, the
conversational Al system can generate
knowledgeable and comprehensive
responses. It can extract relevant facts,
provide detailed explanations, or offer
additional context based on the retrieved
information. Integrating external
knowledge graphs expands the system's
internal knowledge base and enhances its
capacity to deliver accurate and up-to-date
responses to user queries. This integration
significantly  improves the  overall
performance and reliability of
conversational Al systems.

External knowledge graphs are regularly
updated with new information and
improvements to ensure they remain
current and reliable. To maintain an up-to-
date knowledge base, conversational Al
systems can periodically update their
integrated knowledge graphs. This process
involves synchronizing the system's
internal representation with the external
knowledge graph or querying the external
knowledge graph in real-time. By staying
connected to evolving external knowledge
graphs, conversational Al systems can
provide users with the most recent and
accurate information available. Regular
updates and maintenance of knowledge
graphs ensure that conversational Al
systems stay at the forefront of knowledge
and offer reliable responses to user queries.
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