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Abstract

Knowledge graph (KG) has played an important role in enhancing the perfor-
mance of many intelligent systems. In this paper, we present the solution for
constructing a large-scale multi-source knowledge graph from scratch at Sogou
Inc., including its architecture, technical implementation and applications. Un-
like prior work that constructs knowledge graphs using graph databases, we
construct the knowledge graph atop SogouQdb, a distributed search engine
developed by Sogou Web Search Department, which can be readily scaled to
support petabytes of data. To complement the search engine, we additionally
introduce a suite of models to support inference and graph-based querying. Cur-
rently, the Sogou knowledge graph comprises data collected from 136 distinct
websites, continuously updated, consisting of 54 million entities and over 600
million entity links. We further introduce three applications of the knowledge
graph at Sogou Inc.: entity detection and linking, knowledge-based question an-
swering, and knowledge-based dialogue systems. These applications have been
deployed in Web search products to assist users in acquiring information more
efficiently.
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ABSTRACT

Knowledge graphs (KGs) have played an important role in enhancing the per-
formance of many intelligent systems. In this paper, we introduce Sogou Inc.” s
solution for building a large-scale, multi-source knowledge graph from scratch,
including its architecture, technical implementation, and applications. Unlike
previous approaches that rely on graph databases, we build our knowledge graph
on top of SogouQdb, a distributed search engine developed by Sogou’ s Web
Search Department that can easily scale to support petabytes of data. As a
supplement to the search engine, we also introduce a series of models to support
inference and graph-based querying. Currently, the Sogou knowledge graph
contains data collected from 136 different websites that are constantly updated,
consisting of 54 million entities and over 600 million entity links. We also intro-
duce three applications of the knowledge graph at Sogou Inc.: entity detection
and linking, knowledge-based question answering, and knowledge-based dialogue
systems. These applications have been integrated into Web search products to
help users acquire information more efficiently.

1. INTRODUCTION

A knowledge graph (KG) is a specialized database that integrates information
into an ontology. As an effective method for storing and searching knowledge,
knowledge graphs have been applied in many intelligent systems and have at-
tracted significant research interest. While many knowledge graphs have been
constructed and published, such as Freebase [1], Wikidata [2], DBpedia [3], and
YAGO [4], none of these works fully meets the application requirements of Sogou
Inc. The main challenges are listed below:

Lack of data: Although the largest published knowledge graph (Wikidata)
reportedly contains millions of entities and billions of triples, most of its data are
extracted from Wikipedia and remain insufficient for Web search applications
such as general-purpose question answering and recommendations. For example,
none of the existing knowledge graphs contains information about the latest
Chinese songs, which can only be obtained from specific websites.

Uncertainty of scalability: None of the existing works explicitly reports their
system’ s capability to handle large-scale data or discusses how the knowledge
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graph could be expanded on a server cluster. This problem might not be critical
for academic research since even the largest knowledge graph can still be stored
on a single server with a large hard disk drive. However, for search engines,
the potential data requirements of a knowledge graph are much larger, making
distributed storage unavoidable.

To address these challenges, we propose a novel solution for building a large-scale
knowledge graph. We use SogouQdb—a distributed search engine developed by
Sogou’ s Web Search Department for internal use—as the core storage engine to
achieve scalability, and we develop a series of models to provide inference and
graph-based querying functions that make the system compatible with other
knowledge graph applications. The inference is conducted on HDFS with Spark,
enabling the inference procedure to handle big data. The Sogou knowledge
graph has been built using this solution and deployed to support online products.
Currently, it consists of 54 million entities and over 600 million entity links
extracted from 136 different websites that are constantly updated.

We also introduce three applications of knowledge graphs at Sogou Inc.: en-
tity detection and linking, knowledge-based question answering, and knowledge-
based dialogue systems. These applications have been used as infrastructure
services in Web search products to help users find the information they want
more efficiently.

The rest of this paper is organized as follows: In Section 2, we review related
work on widely known published knowledge graphs. In Section 3, we elaborate
on our solution for constructing a knowledge graph from scratch. Section 4
presents applications of knowledge graphs, particularly at Sogou Inc. Finally,
we conclude in Section 5.

7 Corresponding author: Qi Zhang (Email: gizhang@sogou-inc.com; ORCID:
0000-0003-0947-4942).

2. RELATED WORK

While many works on building domain-specific knowledge graphs have been
published, we focus on large-scale, multi-domain knowledge graphs and list the
most widely known ones in this section.

Freebase [1] was published as an open shared database in 2007 and was shut
down in 2016 after all its data were transferred to Wikidata. Freebase data were
collected from Wikipedia , NNDB , Fashion Model Directory , and MusicBrainz ,
and were also contributed by its users . Freebase contains more than 1.9 billion
triples , 4,000 types, and 7,000 properties [1].

Wikidata [2] was first published by Wikidata in 2012 and has been publicly
maintained since then. Wikidata contains more than 55 million entities, with
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data primarily coming from its Wikipedia sister projects including Wikipedia,
Wikivoyage, Wikisource, and other websites .

DBpedia [3] is a large-scale multilingual knowledge graph whose data were
extracted from Wikipedia and collaboratively edited by the community. The
English version of DBpedia contains more than 4.58 million entities, and DBpe-
dia data in 125 languages collectively contain 38.3 million entities [5, 6, 7] .

YAGO [4] is an open-source semantic knowledge graph derived from Wikipedia,
WordNet, and GeoNames. YAGO contains more than 10 million entities and
120 million facts about entities .

ConceptNet [5] originated from the Open Mind Common Sense project
launched in 1999 and has grown into an open multilingual knowledge graph
containing more than 8 million entities and 21 million entity links.

CN-DBpedia [6] is a Chinese KG published in 2017 that specifically focuses on
extracting knowledge from Chinese encyclopedias. CN-DBpedia contains more
than 16.8 million entities and 223 million entity links .

3. CONSTRUCTION

An overview of the Sogou knowledge graph construction framework is shown in
Figure 1 [Figure 1: see original paper]. Data are collected from various websites
that allow their data to be downloaded or crawled, such as Wikipedia and
SogouBaike. The extracted data are stored in a distributed database in the form
of JSON-LD (JavaScript Object Notation for Linked Data), a commonly used
concrete RDF syntax. As an additional method for supplying data, we introduce
an inference model that infers new relationships between entities. To search
and browse the knowledge graph, we developed a SPARQL query engine that
provides RESTful API services. To support search engine products like question
answering and recommendation, the knowledge graph data are processed to
adapt to the data format required by specific tasks. In this section, we introduce
each component of the construction framework.

3.1 Data Extraction

The role of data extraction is to transform data from various input sources into
a predefined format. Specifically, the input and output of data extraction are
defined as follows:

Input: Data downloaded or crawled from the Internet, such as Web pages,
XML data, or JSON data obtained via APIs. While the input data mostly
comprise free text, many sources contain structured information such as images,
geo-coordinates, links to external Web pages, and disambiguation pages.

Output: Structured data in the form of JSON-LD that records the knowledge
information extracted from the input data.
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Data extraction operations can be classified into two categories: Structured
data extraction deals only with input data containing structured information
—specifically, data with recognizable markup. Free text extraction detects
entity mentions from plain text and extracts property information about specific
entities.

3.1.1 Structured Data Extraction

Since structured information has recognizable markups, we use rule-based meth-
ods to build extractors. The extractors first parse Web pages into a unified
DOM tree, then locate target information according to manually written rules
and save the extracted data in JSON-LD format. For each website, we build
specialized extractors to handle its data, enabling independent updates for dif-
ferent websites. As of March 2019, the Sogou knowledge graph system has 45
websites as data sources and 77 rule-based extractors.

3.1.2 Free Text Extraction

The task of free text extraction combines a series of sub-tasks, including ex-
tracting named entity mentions from plain text, linking mentions to entities
in the knowledge graph, and extracting entity properties or relationships be-
tween extracted entities. Since training a model to handle all entity types is
quite time-consuming, we currently focus on limited entity types: Person (PER),
Geo-political Entity (GPE), Organization (ORG), Facility (FAC), and Location
(LOC). For named entity recognition and linking tasks, we train a Bi-LSTM-
CRF model, with feature and parameter selection following the work of [7],
which achieved the best performance in the TAC KBP 2017 competition [8].
The training data are constructed from SogouBaike and Wikipedia Web pages
containing anchor markups. More details about the model and training data
can be found in Section 4.1.

3.2 Normalization

This component normalizes property values of extracted entities and maps entity
classes and properties to terms in the Sogou knowledge graph ontology. Addi-
tionally, data types of properties are specified to ensure high-quality processed
data. The input and output of this component are defined as follows:

Input: Output from data extraction—structured data in the form of JSON-LD.

Output: Structured data in the form of JSON-LD with normalized property
names and property values.

The property value types follow the definition of the Sogou knowledge graph
schema. A simplified example is given below:

{

"Qcontext": {
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"Q@vocab": "http://schema.sogou.com",
"kg": "http://kg.sogou.com"
1},
"@id": "4962641",
"Q@type": ["Person"],
"name": "Dehua Liu",
"birthDate": "1961-09-27",
"hasOccupation": ["Singer", "Actor"],
"sogouBaikeUrl": "https://baike.sogou.com/v4962641.htm"
}

The schema http://schema.sogou.com used in the Sogou knowledge base is
compatible with http://schema.org. Currently, we maintain only one knowl-
edge graph at http://kg.sogou.com, though the framework can support multiple
knowledge graphs by setting different values.

3.3 Merging

The merging component serves as the entry point to the KG storage, which is
a distributed database storing the entire knowledge graph. Any operation that
modifies the KG database—including adding new data, updating, or deleting
data—must be transformed into unit operations following a predefined interface
(including “add”, “update”, and “delete” ) in the merging component. All unit
operations are executed with logs that can be used to roll back to any historical
version.

For adding entities, the merging component checks whether the entity already
exists in the KG database. If the entity to be added is found, the old entity’
s property values are updated to match those of the added entity. Otherwise,
the entity is added to the database as a new entity. To distinguish entities with
the same name, we develop a heuristic model that also compares the entities’
property values. For updating and deleting data, the @id property is required,
and the operation is executed on entities with the given IDs.

3.4 Inference

As an additional method for supplying data, the inference component infers
new relationships between entities based on existing relations. For example,
knowing that A is B’ s son allows us to infer that B is A’ s father. In the
construction framework, inference is conducted on the entire dataset dumped
from the KG database, and the inference results are added back to the KG
through the merging component. Currently, all our inference models are rule-
based. While neural network-based inference methods (such as TransE and
TransR) can infer more potential relations, the accuracy of these models’ results
is not yet sufficient for production use.
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3.5 Knowledge Graph Storage

The Sogou knowledge graph storage is developed on top of SogouQdb, an open-
source search engine. Figure 2 [Figure 2: see original paper| provides an overview
of the KG storage architecture. SogouQdb is used as a distributed database to
store data and provide search services. The KG Storage Service wraps So-
gouQdb to provide storing and querying APIs more suitable for knowledge
graph-based applications. In practice, we find that querying requests far out-
number storing requests and consume more computational resources. To reduce
costs and improve querying speed, we add a cache layer between the querying
APIT and the KG storage service.

Compared with graph databases such as Neo4j and OrientDB that are com-
monly used for knowledge graph storage, SogouQdb offers advantages in query-
ing speed, scalability, and engineering optimizations. One disadvantage of So-
gouQdb is that it does not natively support knowledge graph query languages
such as SPARQL. To address this, we introduced the KG storage service to parse
SPARQL into SogouQdb’ s APIs. Another disadvantage is that SogouQdb is
relatively inefficient for conducting data inference. To solve this, we separated
the inference component from KG storage and conduct inference on HDF'S using
Spark. The data to be inferred are dumped from SogouQdb using Qdb-Hadoop
tools.

4. APPLICATIONS
4.1 Entity Linking

The entity linking task identifies character strings representing entities from
natural language text and maps them to specific entities in the knowledge base.
For example, Wiki editors manually add hyperlinks to phrases representing enti-
ties in the text, linking them to corresponding Wikipedia pages. A phrase with
Wikipedia internal hyperlinks is called Anchor Text. Traditional entity linking
methods rely on feature engineering, calculating link matching degrees through
features between candidate entities and their context. Features typically include
prior entity information, contextual semantic features, and entity-associated
features. Commonly used models include Ranking SVM [9], CRF [10], and S-
MART [11]. With the development of neural networks, feature learning is gradu-
ally replacing feature engineering. These methods calculate context representa-
tions of entity phrases and representations of candidate entities through specific
neural networks, defining matching scores as vector similarities. Deep learning-
based entity linking models include [12, 13, 14, 15]. Additionally, knowledge
graph embedding is applied to entity linking tasks, learning vector represen-
tations for each entity through large-scale knowledge base triplets as training
data, so that similar entities have similar vector representations. Knowledge
base-based vector learning methods include [12, 16, 17, 18, 19].
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The key challenge in entity linking is finding the correct entity from multiple
candidates and eliminating ambiguity. For example, “Li Na”has multiple possible
candidate entities: a tennis star, a pop singer, a football baby from Sogou, or
even a movie with the same name. Without context information, accurate entity
linking is difficult. A well-designed entity linking service must consider many
factors, including the entity’ s prior knowledge, the matching degree between
the entity and phrase, and the fit degree between the contexts of the entity and
phrase.

At Sogou, we treat the entity linking problem as a ranking problem, considering
entity priors, similarity between entity descriptions and context, and coherence
between entities in the same paragraph. Based on the Sogou knowledge graph,
we have developed a set of entity linking APIs that provide short text link-
ing, long text linking, and table linking services. These services link entities
contained in text to the Sogou Knowledge Graph.

The short text entity linking service is primarily used for entity linking
of query text in our search engine. After entity linking, structural information
from the knowledge graph related to the entities is displayed to users, along
with illustrations and pictures (Figure 3 [Figure 3: see original paper]). Si-
multaneously, based on entity types and relationships in the knowledge graph,
recommendations for relevant entities are provided (Figure 4 [Figure 4: see orig-
inal paper]). These richer results enable users to obtain what they want and
what interests them more quickly. Additionally, entity linking forms the basis
for automatic question answering, particularly for knowledge-based question an-
swering, as existing entities in questions must be accurately linked to limit the
scope of semantic search.

The long text entity linking service is mainly used for Anchor Text genera-
tion in Web pages, as shown in Figure 5 [Figure 5: see original paper]|. To help
readers quickly access introductory information about entities in Sogou Ency-
clopedia pages, these entities contain hyperlinks to their own pages (i.e., Anchor
Text). Our automated entity linking service greatly improves manual editing
efficiency. Furthermore, the long text entity linking service is applied to So-
gou’ s news feed with personalized recommendations. Combined with the entity
linking process, similar or related entities are extended in the knowledge graph,
allowing us to provide personalized recommendations along with interpretable
reasons.

Table entity linking is also used to generate entity Anchor Text in online
tables, such as entities in tables from Sogou Encyclopedia. Meanwhile, tables
provide rich entity type information, entity relationship information, etc. After
entity linking, these tables can supply a large amount of high-confidence triplet
information to our knowledge graph.
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4.2 Knowledge-Based Question Answering

Knowledge graphs typically come with descriptive languages, such as MQL pro-
vided by Freebase, SPARQL formulated by W3C, and CycL provided by Cyc.
However, for ordinary users, this structured query syntax has a high usage
threshold. A knowledge-based question answering system uses natural language
as an interface to provide a more user-friendly way for knowledge querying. On
one hand, natural language has very strong expressive power. On the other
hand, this method does not require users to have any professional training. Due
to its broad application prospects, knowledge-base question answering (KBQA)
has become a research hotspot in both academia and industry.

For question understanding, we focus on the automatic question answering task
based on a knowledge graph. The task is to find one or more corresponding an-
swer entities from the knowledge graph for questions describing objective facts.
For questions containing only simple semantics, the automatic question answer-
ing process is equivalent to converting the question into a fact triplet in the
knowledge base. However, human-posed problems are not always presented in
simple forms; more restrictions are added. For example, multiple entities and
types related to the answer may appear in the question. In complex semantic
scenarios, KBQA faces the following challenges: 1) How to find multiple rela-
tionships from questions and combine them into candidate semantic structures;
2) How to calculate the matching degree between natural language questions
and complex semantic structures.

Commonly used methods are based on semantic parsing or ranking. Semantic
parsing-based methods convert questions into formal query statements of a stan-
dard knowledge base, i.e., finding the optimal (question, semantic query) pair
instead of a simple answer entity. Related work includes generating semantic
parsing trees using Combinatory Categorial Grammar (CCG) [20, 21, 22] and
A-DCS [23, 24, 25]. Typical application projects include ATIS [26] for air travel
information question answering, CLANG [27] for robot soccer games, GeoQuery
[28] for U.S. geographic knowledge question answering, and the open-source
question answering system SEMPRE [23]. Ranking methods do not require
formal question representation but directly rank candidate entities or answers
in the knowledge base. These methods follow the representation-comparison
framework, with traditional feature-based engineering methods including [29]
and deep learning-based methods including [30, 31, 32].

We have implemented a KBQA system and integrated it into Sogou Search
Engine (Figure 6 [Figure 6: see original paper]) and Sogou’ s dialogue service.
Sogou’ s KBQA relies mainly on the combination of manual templates and
models. Using templates, user queries are directly converted into structured
KB queries. In the model-based approach, entities in the query are first linked
to the knowledge graph, and then a subgraph is constructed with the entity
as the center. The final answer is obtained by sorting results using nodes and
edges in the subgraph as candidate paths and answers.
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4.3 Knowledge-Based Dialogue System

Knowledge-based dialogue is a more natural and friendly knowledge service
that can satisfy users’ needs and complete specific knowledge acquisition tasks
through multiple rounds of human-agent interaction. The latest developments in
dialogue systems are based on deep learning techniques, using encoder-decoder
models to train the entire system. Related work includes [33, 34, 35, 36]. Com-
bining an external knowledge base is a way to bridge the gap between dialogue
systems and humans. Using memory networks, [37, 38] have achieved good re-
sults in open-domain dialogue. By combining words in the generation process
with common words in the knowledge base, [39] produces natural and correct
answers. [40] uses Twitter’ s LDA model to obtain the input topic and adds
topic information and input representation to a joint attention module to gen-
erate topic-related responses. [41] classifies each discourse in the conversation
into a field and uses it to generate the domain and content of the next discourse.
Dialogue systems also need personality and emotion to appear more human-like.
[42] applies emotion embedding into the generative model, while [43, 44] both
consider user information in creating more realistic chatbots.

With the large-scale growth of knowledge graph resources and the rapid de-
velopment of machine learning models, dialogue systems are gradually moving
from limited domains to open domains. Sogou Wang Zai Robot is an automatic
question-answering robot developed by Sogou, as shown in Figure 7 [Figure 7:
see original paper|. It combines Sogou’ s knowledge graph, dialogue technology,
and intelligent voice technology to provide accurate answers in daily conversa-
tions.

Dialogue generation based on knowledge graphs is a key technology in
knowledge-based dialogues. Traditional KBQA provides only accurate answers
to questions. For example, when asked “How tall is Andy Lau?” | the system
only returns “174 cm.” However, merely providing this kind of answer is not
a friendly interactive approach. Users prefer to receive “The height of Andy
Lau, actor of Hong Kong, China, is 174 c¢m.” This approach provides more
background information related to the answer (e.g., actor of Hong Kong, China).
Additionally, this complete natural language sentence better supports follow-up
tasks such as answer verification and speech synthesis. To generate natural
language answers, we use the encoder-decoder framework. Copy and retrieval
mechanisms are also introduced for complex questions requiring facts from the
knowledge graph. Different types of words are obtained from different sources
using different semantic unit acquisition methods such as copy, retrieval, or
prediction, thus generating natural answers for complex questions.

Another problem that needs to be solved in dialogue agents is dialogue consis-
tency—i.e., the stability of the agent’ s persona. This also requires integration
of external knowledge, such as personal information in Table 1 . Although the
agent is a robot, it needs to have a unified personality. Its gender, age, na-
tive place, and hobbies should always remain the same. When asked “Where
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were you born?” or “Are you from Beijing?” , the answer should always be
consistent. We model Sogou Wang Zai’ s information and import it into an
encoder-decoder model via embeddings. Thus, when the question relates to
personal information, the system generates responses from identity information
vectors, achieving good consistency.

5. CONCLUSION

In this paper, we propose a novel solution used at Sogou Inc. for building knowl-
edge graphs on top of a distributed search engine—specifically, SogouQdb. Our
solution enhances SogouQdb by introducing data inference and a graph-based
query engine, making it compatible with commonly used knowledge graph appli-
cations. Additionally, benefiting from SogouQdb, the Sogou knowledge graph
can be easily scaled to store petabytes of data. We also introduce three applica-
tions of knowledge graphs at Sogou Inc.: entity detection and linking, knowledge-
based question answering, and knowledge-based dialogue systems, which have
been integrated into Web search products to make knowledge acquisition more
efficient.
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