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Abstract

The rapid development of the Internet has brought an enormous amount of available information,

which makes information fragment a serious problem. Traditional information retrieval (IR)

systems provide a list of web sites in which the needed information may be found. But the users

have to take a lot of time to digest many web pages and summarize the information they want,

especially for some complex search tasks. To alleviate the problems of information fragment

and accelerate IR, many research works of Question and Answering (Q&A) system attempt to

assist the search engine by providing simple, accurate and understandable answers to natural

language queries directly. However, without the original semantic context, these answers lack

explainability that makes them difficult for users to trust and adopt.

In recent years, the knowledge graph is widely used to make explainable artificial intelli-

gence (XAI) possible in many fields (e.g. recommendation system). Since it is a large-scale

semantic network that represents knowledge by concepts and their relations, which is actually

similar to the human cognitive process. Encouraged by the promising results of these fields, this

thesis investigates whether and how the knowledge graph and its explainability can be leveraged

to Q&A system to enhance the performance of IR.

Firstly, the existing Q&A systems lack a framework of the Q&A cognitive process based

on the knowledge graph. In order to provide a human-centred explanation, the artificial intel-

ligence (AI) system should align with the cognitive model of human and explain within the

basic framework of human cognition. To equip the Q&A system with human-like cognitive

capabilities, in this thesis, a brain-inspired cognitive framework of Q&A process named “XBot”

is presented. XBot proposes five modules corresponding to the human cognitive process includ-

ing perception, planning, reasoning, response and learning. Which is largely inspired by the

literature of cognitive science. It can be used as a basis for designing a knowledge graph based

Q&A system that can understand, answer questions and provide a human-centred explanation.
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Secondly, the existing query representation and knowledge graph search methods are insuffi-

cient to represent and solve the complex multi-condition query, as well as explanation generation.

And the features such as topological structure and indirect relations, etc. are not fully utilized in

answer reasoning. In this thesis, a search engine assistant for developers named “DeveloperBot”

based on the knowledge graph of the software engineering domain will be presented. Devel-

operBot contains a query graph construction algorithm which splits a multi-condition query into

several simple constraints, and meanwhile, determines their solving order. Then, a fast graph

cyclic pruning reasoning algorithm inspired by the spreading activation model of cognitive

science will be introduced. This algorithm models the constraint solving as subgraph search

and decision-making process by deep neural network. In the end, the corresponding reasoning

subgraph and confidence will be derived following the cognitive process as the qualitative and

quantitative explanations to the final answers. These algorithms implement the BotPerception,

BotPlanning and BotReasoning modules of XBot framework, respectively.

Thirdly, the existing knowledge graph extraction methods fall short of the precision and

completeness of the textual knowledge extraction. And they can not extract the knowledge graph

of the specified domain from the text materials as well. As a result, the scale of the extracted

knowledge graph is very large and contains a lot of redundant information. In order to limit the

scale of knowledge graph and accelerate the graph search, this thesis elaborates a knowledge

graph extraction algorithm named “HDSKG” (Harvesting Domain-specific Knowledge Graph),

which incorporates a dependency parser with a rule-based method to chunk the relation triples

candidates (basic unit of knowledge graph) with high precision and completeness. Then it

extracts novel features of these candidates to estimate their domain relevance by self-training

SVM (Support Vector Machine) classifier. HDSKG is an implementation of the BotLearning

module of the XBot framework.

Finally, to evaluate the performance and practical values of the proposed models, we apply

HDSKG to construct a high quality knowledge graph of the software engineering domain for

DeveloperBot. Then a prototype of DeveloperBot was implemented and a user study involving

24 participants was conducted. The result of user study shows that compared with just using

Google, with the assist of DeveloperBot, users can not only find answers faster and with more

accuracy, but also understand the answers more deeply. At the same time, the explanation of the

answers can significantly improve the users’ trust and adoption of the answers. Furthermore, the

more complex the question is, the more effective the DeveloperBot can achieve.

xiii



List of Figures

1.1 The Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.1 Types of Memory and Knowledge Graph . . . . . . . . . . . . . . . . . . . . . 21

3.2 Implement Semantic Memory by Knowledge Graph . . . . . . . . . . . . . . . 23

3.3 XBot Framework Aligned with Cognitive Process of Q&A . . . . . . . . . . . 25

4.1 The System Framework of the Motivating Scenario . . . . . . . . . . . . . . . 32

4.2 The Reasoning Subgraph Explanation of Direct Answer “Virtuoso” . . . . . . 33

4.3 The Framework of DeveloperBot . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.4 Result of Named-entity Recognition for Relation Triples (Microsoft, was_founded_by,

Bill_Gates) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.5 POS tagging results of the sample query . . . . . . . . . . . . . . . . . . . . . 40

4.6 Graphical representation of the Dependencies for the query: “Which graph

databases support Python and Linux, and can be accessed through the RDF

query languages that support subgraph extraction?” . . . . . . . . . . . . . . 40

4.7 Result of Tree Parsing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.8 The Structure of CBOW [1] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.9 Diagram of Topological Structure of SG . . . . . . . . . . . . . . . . . . . . . 54

4.10 Deep Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.11 botResponse: the User Interfaces of DeveloperBot . . . . . . . . . . . . . . . . 61

4.12 Programming Proficiency of Participants . . . . . . . . . . . . . . . . . . . . . 65

4.13 The Top 5 Programming Languages most Used by the Participants . . . . . . . 66

4.14 Performance of Different Decision-making Algorithms . . . . . . . . . . . . . 68

4.15 MSE of Confidence of Different Decision-making Algorithms . . . . . . . . . 69

4.16 Performance of Decision-making Algorithms with Different Features . . . . . . 69

xiv



4.17 MSE of Confidence with Different Features . . . . . . . . . . . . . . . . . . . 70

4.18 Average Score of Positive Metric of SUS . . . . . . . . . . . . . . . . . . . . . 71

4.19 Average Score of Negative Metric of SUS . . . . . . . . . . . . . . . . . . . . 71

4.20 Answer Accuracy for Each Task . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.21 The Trend of the Difference of Answer Accuracy with Increasing Task Complexity 73

4.22 Answer Confidence for Each Task . . . . . . . . . . . . . . . . . . . . . . . . 73

4.23 The Trend of the Difference of Answer Confidence with Increasing Task Com-

plexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.24 Answers Search Time for Each Task . . . . . . . . . . . . . . . . . . . . . . . 75

4.25 The Trend of the Difference of Answer Search Time with Increasing Task

Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.26 Quantitative Scoring of the Explanations . . . . . . . . . . . . . . . . . . . . . 76

5.1 The Framework of HDSKG . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.2 POS tagging results of the definition sentence of the Firebird . . . . . . . . . . 84

5.3 Result of NP and VP Chunking . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.4 Graphical representation of the Dependencies for the sentence: “PyTables is

built on top of the HDF5 library, using the Python language and the NumPy

package.” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.5 Tag Wiki of Tag “firebird” . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.6 Accuracy of Classifiers in each Iteration . . . . . . . . . . . . . . . . . . . . . 96

5.7 Accuracy of Classifiers with Different Features . . . . . . . . . . . . . . . . . 97

5.8 Performance of different Extraction Methods . . . . . . . . . . . . . . . . . . 99

5.9 An Example of Knowledge Graph Generated by HDSKG . . . . . . . . . . . . 100

6.1 Framework of DoctorBot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

6.2 BotPerception: Patient Graph Construction . . . . . . . . . . . . . . . . . . . . 107

6.3 BotResponse: the User Interfaces of DoctorBot . . . . . . . . . . . . . . . . . 108

xv



List of Tables

4.1 Dependencies Description for Query: “Which graph databases support Python

and Linux, and can be accessed through the RDF query languages that support

subgraph extraction? ” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.2 Parsing Expression of Subconstituent . . . . . . . . . . . . . . . . . . . . . . 43

4.3 Types of Relations Found in SG that Constitute Positive Or Negative Evidences 55

4.4 Features to Represent a Focus Node . . . . . . . . . . . . . . . . . . . . . . . 56

4.5 Example of the Ground Truth Questions and Corresponding Answers . . . . . 64

4.6 The Tool (s) the Participants Used for Each Task . . . . . . . . . . . . . . . . . 66

4.7 The Tasks for User Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.8 Detailed Description of the Quantitative Scoring of the Explanations . . . . . . 77

5.1 Regular Expression of Different Chunks . . . . . . . . . . . . . . . . . . . . . 85

5.2 Dependencies Description for sentence: “PyTables is built on top of the HDF5

library, using the Python language and the NumPy package.” . . . . . . . . . . 86

5.3 The Features for Candidate Triples Classification . . . . . . . . . . . . . . . . 91

5.4 Example of Relation Triples Label . . . . . . . . . . . . . . . . . . . . . . . . 93

5.5 Relation Triples Extracted From Different Extraction Methods . . . . . . . . . 98

6.1 Types of Relations Found in SG that Constitute Positive Or Negative Evidences 109

1



Chapter 1

Introduction

This chapter will present the background and motivation of this thesis, and then briefly introduce

the current work. In the end, the organization of this thesis will be presented.

1.1 Background and Motivation

“Can a machine think like a human?” This idea was proposed in the early 20th century when

Alan Turing designed the Turing Machine and proposed the Turing Test [2, 3, 4]. The rapid

development of automatic question and answering (Q&A) system research in recent years is a

vivid practice of Turing test [5, 6, 7].

The development of Q&A system is not only an important indicator for testing the level of

computer intelligence, but also has very important practical value [8]. For example, the rapid

development of the Internet has brought an enormous amount of available information [9].

Search engines are the main way for Internet users to access these information [10]. Traditional

search engines provide a list of web sites in which the needed information may be found. The

users need to take a lot of time to digest many web pages and summarize the information they

want, especially for some complex search tasks. The recent research works of Q&A system

attempt to alleviate the problems of information overload by providing simple, accurate and

understandable answers (also called direct answers) to natural language queries directly instead

of links to sites [11, 12]. However, although the answers provided by the existing Q&A systems

are simple and direct, without the original semantic context, these answers lack explainability

that makes the answers difficult for users to trust and adopt [13, 14, 15, 16].
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CHAPTER 1. INTRODUCTION

The knowledge graph is a large-scale semantic network that contains a large number of

concepts and their relations, which makes explainable artificial intelligence (XAI) possible [9].

This is because the essence of the knowledge graph is to simulate the representation of the

knowledge in the human brain [17]. The human cognitive process is actually a process of

cognizing and explaining the world with concepts, attributes and relations [17, 18, 19]. There

has been a lot of research works on the explainability of knowledge graph based system,

the recommendation system is one of the most studied fields [20, 21, 22, 23]. The results

of these research works show that the explanations improve the trust and adoption of users

significantly [24, 20, 25, 26]. Inspired by the above works and encouraged by their promising

results, this thesis investigates whether and how the knowledge graph and its explainability can

be leveraged to Q&A system to enhance the performance of IR.

1.1.1 Explore the Cognitive Process of Q&A

In order to provide a human-centred explanation, the artificial intelligence (AI) system should

align with the cognitive model of human and explain within the basic framework of human

cognition [27, 28, 17, 18, 19, 29]. Brain-inspired Cognitive System is capable of perception,

inference, and learning, etc. mimicking the cognitive mechanisms of the human brain, which can

provide the AI system with human-like cognitive capabilities [30, 31, 32, 33]. But the existing

Q&A systems lack a framework of the brain-inspired cognitive system of Q&A cognitive

process based on the knowledge graph. So we conduct a study to investigate the content of

cognitive science related to complex question perception, planning, reasoning based on semantic

memory and explaining, etc. The results of this study show that the Q&A process is a typical

problem solving cognitive process [34]. The explanations is about “why”, “how”, and “how

confident” one decisions are made [35, 36].

In the human brain, there are various memory types (e.g., sensory memory, episodic memory,

etc.) that store different contents. One of which called semantic memory stores the general

knowledge of the world, concepts, rules and language that human accumulated throughout

their lives in the form of connected nodes, which is similar to the structure of knowledge

graph [37, 38, 39]. The Q&A process is a process that human retrieval the knowledge stored

in the semantic memory [40, 41, 42]. This process including five steps: 1) Perception: encodes

and explains external stimuli (query) as signals that the brain can recognize, 2) Planning:
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divides a task into smaller, more manageable parts, decides the right executing order [43], 3)

Reasoning: accesses the semantic memory for the answer, and this cognitive process is called

spreading activation model [44], 4) Response: outputs the answer and explanations from the

mouth, expression or body language [45], etc., 5) Learning: learns new knowledge by cognitive

activities.

Based on the human Q&A cognitive process, a brain-inspired cognitive framework of

Q&A process named XBot is proposed. XBot consists of five main modules consistent with the

cognitive process of human: 1) BotPerception is the methods to represent the input query, 2)

BotPlanning can divide a multi-condition query into numerous simple queries and decide the

right solving order, 3) BotReasoning combines the logic rules and data to search the knowledge

graph, make the decisions, reason a final answer, extract the explanation and compute the

confidence, 4) BotResponse presents the answers by user interface (UI), 5) BotLearning is

the techniques for constructing knowledge graph. XBot can be used as a basis for designing

a knowledge graph based Q&A system that can understand, answer questions and provide

human-centred explanation. It can customize in different domains which just like humans can

learn various knowledge by different skills and become experts of a variety of domains.

1.1.2 Explainable Q&A System

To realize an explainable Q&A system based on domain-specific knowledge graph according

to the XBot framework, there are still some problems to be solved. The first problem is that

the existing query representation algorithms extract the entities of the query by simple token

matching or entity linking [11, 12]. They are insufficient to analyze and represent the complex

multi-condition query. Second, the existing knowledge graph search methods are not suitable

for complex query solving and explanation generation, and the features such as topological

structure and indirect relations, etc. are not fully utilized in answer reasoning.

To solve these problems, this thesis will present a series of implementations of the modules

of XBot framework called DeveloperBot. It can be used as a search engine assistant to assist

the answer search of the complex closed-end questions. Here closed-end questions are the

questions that could be answered with a simple response, e.g., one-word answer. DeveloperBot

is customized by loading the knowledge graph of the software engineering domain into the

knowledge base of the XBot framework. DeveloperBot contains a query graph construction
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algorithm which implements the functions of BotPerception and BotPlanning. Of which the

BotPerception incorporates the Dependency Parsing into the Tree Parsing [46] to maximize

the completeness of the entities and relations extraction. Meanwhile, the BotPlanning splits

a multi-condition query into several simple constraints and determines their solving order,

then constructs these ordered constraints into a multi-layer query graph for further search. In

contrast, our model analyzes the expression pattern of natural language deeply and enhances the

representation capacity of the complex multi-condition query. Then a fast graph cyclic pruning

reasoning algorithm is presented as the implementation of BotReasoning. This algorithm will use

the query graph to search a candidate subgraph from the knowledge graph by spread activation

algorithm inspired by cognitive science [44]. Compared with the traditional candidate subgraph

extraction algorithms, this algorithm can extract the candidate answers and corresponding

subgraph more comprehensively. Then, the fast graph cyclic pruning reasoning algorithm will

extract the candidate answers and corresponding features according to direct relation, indirect

relation, the topological structure of subgraph and word embedding of the predicate of candidate

answers triples, etc. Next, these features will be integrated into the decision making algorithms

like Bayesian Decision Theory or Deep Neural Networks (DNN) to determine the final answers.

In the end, the reasoning subgraph will be extracted following the cognitive process as the

qualitative explanations of “why”, “how” an answer is be recommended. And the confidence of

direct answer will be computed as the quantitative explanation of “how confident” an answer is.

1.1.3 Domain-specific Knowledge Graph Construction

Different from the chatbot, Q&A system needs to give accurate answers to questions, rather

than just a reasonable dialogue. Q&A system often needs to be very specialized in a certain

domain (e.g., Chronic pain Q&A system, Taobao online customer service Q&A system, etc.).

Furthermore, the quality and scale of the knowledge graph are directly related to the search

speed and answer quality of the Q&A system. So the algorithms for high quality domain-specific

knowledge graph construction is necessary.

There are many research works on knowledge graph construction including NELL [47],

OpenIE [48], and Google [49], etc. But these existing methods fall short of the precision and

completeness of the textual knowledge extraction. And can not extract the knowledge graph

of the specified domain from the text materials as well. As a result, the scale of the extracted
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knowledge graph is very large and contains a lot of redundant information. In order to limit the

scale of knowledge graph and accelerate the graph search, this thesis elaborates a knowledge

graph extraction algorithm named HDSKG (Harvesting Domain-specific Knowledge Graph) as

an implementation of the BotLearning of XBot framework. HDSKG incorporates a dependency

parser with a rule-based method to chunk the relation triples candidates (basic unit of knowledge

graph) with high precision and completeness. Then, HDSKG extract novel features of these

candidates to estimate their domain relevance by self-training SVM (Support Vector Machine)

classifier.

To evaluate the performance proposed models, we apply HDSKG to construct a knowledge

graph of the software engineering domain as the knowledge base of DeveloperBot. The results

show that HDSKG can extract knowledge graph with high precision, completeness and domain

relevance. For the DeveloperBot, it has the capacity to model and reason complex query

efficiently. The result of decision making of DeveloperBot shows that, with topological structure,

predicate similarity and other novel features of the subgraph, the Bayesian decision theory and

DNN algorithm can extract the correct answers from the candidate answers with high accuracy

and low confidences mean square error (MSE).

Then we implement a prototype of DeveloperBot and conduct a user study involving 24

participants to evaluate its practical values. DeveloperBot is used as a search engine assistant

specific for developers for information retrieval. The results of this user study show that com-

pared with just using Google, with the assist of DeveloperBot, users can find answers faster and

with more accuracy. In addition, using the reasoning subgraph and answer confidence as the

explanation of the direct answers can significantly improve the developers’ trust and adoption

to the answers. These explanations also assist the developers to understand the answers more

deeply, improve the answer accuracy and form better search keywords. Furthermore, the more

complex the question is, the more effective the DeveloperBot can achieve.

Next, we will elaborate on the key research challenges and contributions of this thesis.

1.2 Challenges and Contributions

These research background in Section 1.1 motivate the main works of this thesis. It is not-trivial

to achieve an explainable Q&A system based on domain-specific knowledge graph since these

exist many technical challenges. We list the challenges and contributions as follows:
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• Challenge 1: In order to provide a human-centred explanation, the artificial intelli-

gence (AI) system should align with the cognitive model of human and explain within the

basic framework of human cognition. But the existing Q&A systems lack a framework of

Q&A cognitive process based on the knowledge graph.

Contribution 1: A brain-inspired cognitive framework of Q&A process named XBot is

proposed, is largely inspired by the literature in cognitive science and consistent with the

cognitive process of human. XBot can be used as a basis for designing a knowledge graph

based Q&A system that can understand, answer questions and provide human-centred

explanation. (These contributions relate to Chapter. 3)

• Challenge 2: The existing query representation algorithms extract the entities of the query

by simple token matching or entity linking. They are insufficient to analyze and represent

the complex multi-condition query.

Contribution 2: Propose a query graph construction algorithm which incorporates the

advantages of both Dependency Parsing and Tree Parsing to analyze the expression

pattern of natural language deeply. This algorithm splits a multi-condition query into

several simple constraints and construct the constraints into a multi-layer query graph,

and meanwhile, determine the solving order of these constraints by dependency parsing.

This query graph construction algorithm is an implementation of the modules named

BotPerception and BotPlanning of XBot. (These contributions relate to Chapter. 1)

• Challenge 3: The existing knowledge graph search methods are not suitable for complex

query solving and explanation generation, and the features such as topological structure

and indirect relations, etc. are not fully utilized in answer reasoning.

Contribution 3: A fast graph cyclic pruning reasoning algorithm is proposed to implement

BotReasoning. This algorithm inspires from spreading activation model of cognitive

science [44], it models the constraint reasoning process as subgraph search and decision-

making process based on features like direct relation, indirect relation, the topological

structure of subgraph and word embedding of the predicate of candidate answers triples,

etc. This algorithm also extracts the reasoning subgraph following the cognitive process as

the qualitative explanations of “why”, “how” an answer is be recommended, and compute
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the confidence of direct answer as the quantitative explanation of “how confident” an

answer is. (These contributions relate to Chapter. 1)

• Challenge 4: The Q&A system needs high quality knowledge graph of a specific domain.

But the existing methods fall short of the precision and completeness of the textual

knowledge extraction. And can not extract the knowledge graph of the specified domain

from the text materials as well.

Contribution 4: A knowledge graph extraction algorithm named HDSKG is proposed.

It can extract relation triples (basic unit of knowledge graph) with high precision and

completeness, then select domain-specific relation triples by domain relevance computa-

tion. This algorithm is an implementation of the BotLearning module of XBot framework.

(These contributions relate to Chapter. 5)

Theoretical Foundation from Cognitive Science

(6) Semantic Memory

(1) Perception (2) Planning

(3) Reasoning: Spreading Activation Model

(5) Learning(4) Response

XBot: Brain-inspired Cognitive Framework of Q&A Process

(6) Knowledge Graph

(1) BotPerception (2) BotPlanning

(3) BotReasoning

(3) BotResponse: UI

(5) BotLearning

(2)BotReasoning: Fast Graph Cyclic

Pruning Reasoning Algorithm

(1) BotPerception and BotPlanning: Query
Graph Construction

Conclusion and Future Work

Introduction, Literature Review

DoctorBot: Chronic Pain Diagnosis and Treatment Recommendation System

Chapter3

Chapter1, Chapter2

Chapter4
 DeveloperBot: An Explainable Search Engine Assistant 

Chapter5

HDSKG: Domain-specific Knowledge Graph Construction 
(BotLearning)

Chapter6

DeveloperBot

(4) BotResponse

(1) HDSKG Chunking

(2) HDSKG Domain
Relevance Estimation

Natural Language 
Text Materials From 

Webpages
Knowledge Graph

Figure 1.1: The Thesis Outline
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1.3 Thesis Outline

Based on the above introduction, the outline of this thesis is shown in Fig. 1.1.

Chapter 2 In this chapter, we introduce the state-of-the-art studies of brain-inspired direct

answer bot, Q&A systems based on knowledge graph and its explainability and domain-specific

knowledge graph extraction techniques.

Chapter 3 In this chapter, we show the theoretical foundation from cognitive science. Then

we propose a brain-inspired framework named XBot, which can be used as a basis for designing

a knowledge graph based Q&A system that has the ability to think and answer questions like

humans and have the capacity to answer questions with explainability by learned knowledge.

Chapter 4 In this chapter, we customize XBot to DeveloperBot, which is used as an ex-

plainable search engine assistant for developers and can provide direct answer and explanations

to closed-end questions. This chapter is the realization of the BotPerception, BotPlanning,

BotReasoning and BotResponse of XBot.

Chapter 5 In this chapter, we present a technique used to extract high quality domain-

specific knowledge graph from unstructured text resources named HDSKG, which is the realiza-

tion of BotLearning of XBot.

Chapter 6 In this chapter, we conclude the work and discuss possible future research

directions. We also present some design and conception about the DoctorBot which we will

focus on next.
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Chapter 2

Background and Related Work

In this chapter, we will separately review existing studies about Q&A cognitive process, brain-

inspired cognitive system, Q&A system based on knowledge graph and its explainability and

domain-specific knowledge graph extraction techniques that are relevant to this thesis.

2.1 Q&A Cognitive Process and Brain-inspired Cognitive Sys-
tem

Brain-inspired Cognitive System technique is a popular research topic in recent years. These

systems are capable of inference, perception, and learning mimicking the cognitive mechanisms

of the brain. In this section, we reviewed the existing literature on (1) cognitive process and

memory, and (2) brain-inspired cognitive system to understand current research status and

indicate research gaps.

2.1.1 Cognitive Process and Memory

Artificial intelligence (AI) attempts to explore human cognitive processes by displaying “intelli-

gent behaviour” and accomplish human tasks [50, 44]. AI researchers try to explain how humans

recognize faces, recognize languages, answer questions, create mental images, write poems,

and hundreds of other cognitive achievements [51]. Computers have been a popular metaphor

for human thinking in recent decades [52, 53]. Computer operations are like human cognitive

processes [54, 53]. To date, researchers acknowledge that computer operations currently differ

from the cognitive processes and physical structure of the human brain significantly [51]. Each
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metaphor has its limitations, and computers cannot accurately replicate human cognitive pro-

cesses. For example, no artificial intelligence system can speak and understand languages like

a human, because humans’ background is much more extensive [51]. However, both humans

and computers can operate on similar general principles. Researchers in artificial intelligence

technology also make analogies and breakthroughs in computer technology by studying from

human thinking [51, 33].

Researchers can construct computer programs to represent a suitable theory for describing

human cognitive processes [54]. There are two main classifications, i.e., linear cognitive ap-

proaches and nonlinear cognitive approaches [55, 56, 57]. The information-processing method

that symbolizes the linear cognitive approach emphasizes that the psychological process can

be represented according to the information in a linear series of stages (one step at a time) in

the system. However, this method of information processing cannot explain how we manage

to perform the most complex cognitive tasks in daily life. On the contrary, the non-linear con-

nectionist approach emphasizes the analogy of the human brain rather than serial computers as

the basic model [55, 56]. This more complex design allows a connectionist approach to achieve

greater complexity, flexibility, and accuracy when trying to explain human cognitive processes.

The connectionist approach which includes the concept of spreading activation [44, 58] argues

that cognitive processes can be understood by networks that link neuron-like units together.

In addition, many operations can be performed simultaneously instead of all at once. In other

words, human cognition is usually parallel rather than strictly linear [52, 59]. The commonly

used interchangeable names for connectionism are the parallel distributed processing (PDP)

method and the neural network method.

There were numerous studies about human memory in computer science [60, 61, 62].

Memory research showed that human memory mainly includes sensory memory, short-term

memory (working memory), and long-term memory [63]. The three types of memory have

mutual influences, will be lost, and will be due to unknown reasons Recall some information

from Long-term memory. Besides, people will recall information better if it is specific rather than

abstract, and attempts to determine whether the information applies to themselves [64, 52]. The

application of cognitive processes and memories in computer science has been widely discussed.

The cognitive processes and memories of the human brain are quite complex. Cognitive scientists

and computer scientists are still exploring related knowledge. Many cognitive and memory
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mechanisms have not yet reached a final consensus. However, some generic models have been

widely accepted. Therefore, the framework and system of this research are inspired by these

models.

2.1.2 Brain-inspired Cognitive System

As mentioned in the previous paragraph, in the computer science community, the cognitive

mechanism of the human brain is an essential context in the development of computer science.

Computer programs are designed to replicate human cognitive processes through analogies of

the human brain [51]. The cognitive process of the computer analogy to the human brain is

still widely discussed in the computer science and technology community, and it is also the

mainstream direction of computer science development. In particular, the rise and development

of artificial intelligence cannot be separated from the nourishment of neuroscience achieve-

ments [65, 66]. In recent years, advances in brain and neuroscience and cognitive science have

made it possible for people to obtain partial activity data of brain issues in various cognitive

tasks observed at different scales, such as brain regions, neural microcircuits, and neurons [33].

The working mechanism of the human brain obtained through multidisciplinary cross-cutting

and experimental research is more reliable. Therefore, brain science is expected to provide

a reference for breakthroughs in machine learning and brain-like computing. Under such a

research context, the development of the brain-inspired cognitive system is continuously moving

forward in various fields of computer science [33]. For example, paper [52] has proposed a

generic framework of the brain-inspired system which was entitled “Self as Interacting Memory

Systems” and was applied in a self-aware conversational robot. This kind of brain-inspired

cognitive system can learn from the human cognitive system and deeply understand the primitive

abilities of the brain [65, 52] to achieve advanced machine logic capabilities. Humans have the

ability to learn how to learn. If the Brain-inspired cognitive system can learn how to learn and

can imagine and plan, then it may create something that we humans can hardly create.

Brain science helps artificial intelligence, and through the brain-inspired cognitive system,

there are also several directions in the major technical areas of artificial intelligence, such as

implementing large-scale parallel neural networks, constructing a new type of learning theory

using statistical correlation and feature correlation, developing deep learning and reinforce-

ment learning for explainable recommendation [67], and exploring generic-purpose artificial
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intelligence systems with self-learning capabilities for problem-solving [68, 65]. By reviewing

related works, there has been relatively little research conducted on a complete framework and

mechanism of Brain-inspired cognitive system for Q&A system in the field of natural language

processing [32].

2.2 Q&A System based on Knowledge Graph and Explain-
ability

Knowledge graph (KG) has been widely used in Q&A system [69], recommendation system

and search engines in recent years due to its excellent knowledge representation capacity. Many

research works on recommendation systems have taken advantage of the explainability of

knowledge graph to improve the users’ trust and adoption prominently [24, 20, 25, 26]. Zhang

& Chen summarizes explainable recommendation applications in different domains [20], i.e.,

e-commerce, point of interest, social and multimedia. Of which Sayed & Al Muqrishi propose

an IBRI-CASONTO semantics-based search based on ontological graph [70]. Ai et al. present

an Indri system which is an explainable recommendation Q&A system to support modern

language technologies [21]. Murdock & Tesauro et al. represent the statistical approaches to

natural language Q&A system in the famous IBM Watson [71]. Lee et al. proposed a KG-based

recommendation system for customer complaint handling [72]. Catherine, Rose, et al. [22] and

Yu & Ren et al. [23] propose to use knowledge graph entities and meta-path as explanation of

recommendations. There are relatively few research works of Q&A system explored to improve

user trust and adoption by using the explainability of the knowledge graph. The content of the

explanations of this thesis is partially inspired by the existing research works of recommendation

systems.

The recent research works of Wang & Zou et al. [11] and Zhu & Ren et al. [12] are the two

closest works to ours. Both their works and ours propose to assist the information needs of users

expressed in natural language by knowledge graph based Q&A system. However, their works

extract the entities of the query by simple token matching or entity linking. There are also some

research works focus on complex question representation. Lan& Zou et al. [73] proposed to

incorporate constraints and extend relation paths at the same time, to handle questions with

constraints and questions with multiple hops of relations at the same time. In contrast, our
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model analyzes the expression pattern of natural language deeply and construct the query into a

multi-layer query graph for further solving. Which enhances the representation capacity of the

complex multi-condition query. Next, although all of these works extract an inference subgraph

for further reasoning, this thesis extracts the subgraph by spread activation model inspired from

cognitive science [44], which can extract the candidate answers and corresponding subgraph

more comprehensively.

In addition, the Q&A system of this thesis also considers more comprehensive features of

the subgraph, such as indirect relation, topological structure, predicate similarity, etc., some

of the features are inspired from the previous works. Furthermore, this thesis integrates all

the features into a decision-making algorithm, which can predict the correct answers from all

candidate answers with high accuracy. This also allows my work to quantify the confidence of

the correct answers. In addition, my work presents the reasoning subgraph and the confidence as

explanations of the correct answer, according to the result of the experiments, this significantly

improves the answer adoption and user confidence.

The knowledge graph is also widely used in the software engineering domain to assist

the information needs, development and debugging, etc. Sun & Xing et al. [74] propose open

information extraction techniques to construct a task-oriented knowledge graph named TaskKG

which enables activity-centric knowledge search. Xu and Xing et al. [75, 76] present a technique

named AnswerBot to summarize the key points of answer posts of a technical question. Which

help developers to capture the key points quickly without reading the details of the posts.

From the above literature, the knowledge graph is quite useful in many areas of the software

engineering domain. But as far as we know, using Q&A system with explainability based on

knowledge graph as a search engine assistant has not been attempted before.

2.3 Domain-specific Knowledge Graph Extraction

Automatic knowledge graph construction is a popular research topic. According to the knowl-

edge graph scale, extracted methods, data source and application domain, etc., we divide them

into four categories.
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2.3.1 Fixed Relations Extraction Techniques

The first category extract fixed relations using information extraction techniques to construct

knowledge graphs. Fixed relations extracted technique extracts the relations from the text by the

fixed relation vocabulary. The typical techniques such as CiteSeerX [77], DIG [78], Pujara et

al. [79], and NELL [47], etc. focus on small-scale fixed relations extraction with high precision.

Deepdive [80] extract relations by Markov Logic Networks (MLNs) and improve the extraction

by the bootstrapping system [81]. Bootstrapping technique is similar to self-training in our

system. There are also some relation classification methods based on deep learning techniques,

such as CNN [82] and LSTM [83], and more recently work like Transformer [84] and Bert [85].

2.3.2 Open Information Extraction Techniques

The second category is open information extraction technique. Compared with fixed relations

extracted techniques, these techniques do not use per-relation training data and not bound by

the fixed relation vocabulary. It does not need to appoint some fixed relation in advance.

Abebe and Tonella et al. [86] presented a semi-automated approach to construct domain

concept ontology from source code identifiers. OLLIE proposed by Michael Schmitz et al. [87]

is the first rule-based open information extraction technique to extract not only verb-based

relations. It used the technique called bootstrap learning of patterns to learn a set of extraction

pattern templates by dependency parsing. There are also some other ruble-based representative

techniques like Prismatic [88],PROPS [89] and PredPatt citewhite2016universal, etc.

There are also some research works focused on optimization algorithms for open information

extraction technique. Cetto et al. [90] proposed Graphene which leveraged simplification rules

to transfer complex text sentences into clean, compact structures. Fader et al. [91] used two

simple syntactic and lexical constraints to handle the uninformative and incoherent information

extraction problem.

HDSKG belongs to this category and the HDSKG chunking is inspired by some methods of

these techniques. And HDSKG further adds the function for domain relevance estimation.

2.3.3 Extract Knowledge Graph by Structured Data Sources

The third category leverage structured data sources to build up the knowledge graph. Compared

with the extracted knowledge graph from text data, these techniques mine the structured data
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from the crowdsourcing like categories of Wikipedia and construct knowledge graph based on

these data. YAGO [92] and YAGO2s [93] is a structured knowledge base which automatically

extracted from Wikipedia with the data e.g., categories, redirects, infoboxes, etc. The knowledge

graph of YAGO [92] and YAGO2s [93] is built by defining entity classes from the conceptual

Wikipedia categories. As of 2012, YAGO2s has more than 10 million entities and 120 million

relations about these entities, the accuracy is above 95% which is checked manually. But the

scale and content of these knowledge graphs rely on the structured data of crowdsourcing

materials.

2.3.4 Extract Knowledge Graph in Software Engineering Domain

The knowledge graph is also widely researched in the software engineering domain. Padhye

et al. [94] propose a technique to extract the profiles of the usage of API to connect people,

projects and libraries in a network. Subramanian et al. [95] link source code examples to API

documentation by extraction of entity linking. To the best of our knowledge, my work is the

first attempt for mining knowledge graphs which contain relation description for each entity

from Q&A website.

2.4 Summary

This chapter has summarized the existing research works on the Q&A cognitive process, the

brain-inspired cognitive system, the Q&A system based on knowledge graph and its explain-

ability and the domain-specific knowledge graph extraction techniques that are relevant to this

thesis.

Compared with the line of existing works on brain-inspired cognitive system, our work

proposes a brain-inspired cognitive framework of Q&A process named XBot which can be used

to explainable Q&A system based on the knowledge graph.

Compared with the line of existing works on Q&A system, the BotPerception and BotPer-

ception modules of DeveloperBot fill the gaps of complex multi-condition query representation.

And the BotReasoning module of DeveloperBot solves the issues of state of art research works

on query reasoning and human-centric answer explanation generation.
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Compared with the line of existing work on knowledge graph extraction technique, our work

called HDSKG focuses on the improvement of extracted precision and completeness, and further

selects domain-specific relation triples by domain relevance computation.
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XBot: a Brain-inspired Cognitive
Framework for Q&A System

In order to provide a human-centred explanation, the AI system should align with the cognitive

model of human and explain within the basic framework of human cognition. Brain-inspired

Cognitive System is capable of perception, inference, and learning, etc. mimicking the cognitive

mechanisms of the human brain, which can provide the AI system with human-like cognitive

capabilities. But there has been relatively little research conducted on a complete framework

and mechanism of the brain-inspired cognitive system for Q&A process. In this chapter, the

content related to Q&A in the field of cognitive science is explored, such as question perception,

planning, and reasoning based on semantic memory [42, 96, 43, 44]. The results show that

the cognitive process of the human brain for these kinds of advanced tasks is complex and

the cognitive scientists do not yet reach a final consensus [97]. But some of the research

achievements have made it possible to connect question answering to the cognitive process.

One of the popular models is the spreading activation model proposed by Collin and Loftus

in 1975 [44]. This chapter summarizes the cognitive process that human performs question

reasoning and incorporate the basic principle of spreading activation model, and proposes a

brain-inspired framework named XBot which is consistent with the cognitive process of human.

XBot can be a basis for designing the Q&A system. Compared with the existing Q&A systems

based on knowledge graph, XBot based systems have the capacity to answer questions with

human-centred explainability by learned knowledge. What kind of questions XBot can answer

depends on what knowledge it has learned.

The rest of this chapter is organized as follows: In the Section 3.1, we introduce the

background and motivation. Section 3.2.1 and Section 3.2.2 show some knowledge of cognitive
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science domain. Some of them are existing knowledge, others are summarized, refined and

re-organized from the literature of cognitive science domain. Section 3.2.3 shows the XBot

framework and how XBot framework is aligned with the cognitive process of Q&A.

3.1 Background and Motivation

Several recent research works have proposed the desirable properties and criteria of human-

centred explanations produced by AI systems [27, 35]. Most of these research works bring up

the idea that in order to provide a human-centred explanation, the AI system should align with

the cognitive model of human and explain within the basic framework of human cognition [27,

28, 17, 18, 19, 29].

Brain-inspired Cognitive System (BICS) is one of the popular research directions recent-

ly [33]. These systems are capable of perception, inference, and learning, etc. mimicking the

cognitive mechanisms of the brain, which can provide the AI system with human-like cogni-

tive capabilities [30, 31, 32, 33]. There have been many studies in this direction, such as the

research on cognitive attention for self-driving cars [98], the research on knowledge learning

and representation methods for cognitive robot [30], etc.

To realize a Q&A system based on the knowledge graph which can provide human-centred

explanations, this chapter is concerned with a much less explored issue: the brain-inspired

cognitive framework of the Q&A system based on the knowledge graph. The purpose of this

exploration is to propose a framework for the Q&A system based on the knowledge graph,

which aligns the human cognitive model and can augment the answer of the Q&A system

with human-centred explanations. Therefore, a study is conducted to investigate the content of

cognitive science related to complex question perception, planning, reasoning based on semantic

memory and explaining, etc. The results of this study show that the Q&A process is a typical

problem solving cognitive process of the human brain which searches for solutions to a problem

or finds the path to achieve a goal [34]. After the problem is identified, the process of problem

solving can be regarded as a search process in the memory to find the relations between the

problem and the target solutions [34].

In the human brain, there are various memory types (e.g., sensory memory, episodic memory,

etc.) that store different contents. One of which called semantic memory stores the general
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knowledge of the world, concepts, rules and language that human accumulated throughout their

lives in the form of connected nodes [37, 38, 39]. The Q&A process is a process that human

retrieval the knowledge stored in the semantic memory, which is similar to the answer search

in knowledge graph [40, 41, 42]. Because the essence of the knowledge graph is to simulate

the representation of the knowledge in the semantic memory in human brain [40, 41, 42]. For

example, the knowledge “Fish and bird are animal, the fish can swim and the bird can fly.” are

stored in the semantic memory by five nodes: fish, bird, animal, swim and fly. These five nodes

are connected by two hierarchical relations: fish and bird are subclasses of animal, and two

concept property relations: fish can swim, the bird can fly. In a knowledge graph, the concepts

are represented as entities, and the hierarchical relation is the relation between two entities

which connect by a predicate phrase “is_a”. The concept-property relation is represented as a

relation triples (subject, predicate, object). Here the subject and the object are entities and the

predicate links the subject to the object [99].

In this chapter, a brain-inspired cognitive framework of Q&A process named XBot is

proposed. XBot consists of five main modules aligned with the human Q&A cognitive process:

(1) BotPerception is the methods to represent the input question, which corresponds to the

Perception module for encoding and explaining the external stimuli of the human Q&A cognitive

process, (2) BotPlanning can divide a question into smaller queries and decide the right solving

order, which corresponds to the Planning module of human, (3) BotReasoning is the process to

search the knowledge graph, reason the answers, make the final decisions, extract the reasoning

subgraph and compute the confidence. This corresponds to the Reasoning module which accesses

the semantic memory of human brain for the answer reasoning, (4) BotResponse presents the

answers and explanations by UI which likes the Response module of human to express by

mouth, eyes, etc. (5) BotLearning is the techniques for construction knowledge graph which

corresponds to the Learning process to learn knowledge in semantic memory of the human

brain. XBot can be used as a basis for designing a knowledge graph based Q&A system that

can understand, answer questions and provide a human-centred explanation. It can customize in

different domains which just like humans can learn various knowledge by different skills and

become experts of a variety of domains.
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3.2 XBot Framework

This section will elaborate on the XBot framework and its behind theoretical basis. The Sec-

tion 3.2.1 will present how a knowledge graph database of an AI system can be mapped to

semantic memory of the human brain. Section 3.2.1 and Section 3.2.2 will present the results of

literature exploration related to the cognitive process of Q&A of the human brain. And then,

Section 3.2.3 will show the XBot framework and how it aligns to the cognitive process of Q&A.

3.2.1 Semantic Memory and Knowledge Graph

Memory is the ability to encode, store, retain and subsequently retrieve information and past

experiences in the human brain [56, 100].

MEMORY

Short-term
Memory

Long-term
Memory

Episodic
Memory

Semantic
Memory

Procedural
Memory

Sensory
Memory

Declarative
Memory

Non-declarative
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Topographical
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(General Knowledge
of the world)

(Unconscious)(Conscious)

(Specific Episodes 
of Events)

(Ability to Orient 
Oneself in Space)

(Motor Skills)

Knowledge Graph

Figure 3.1: Types of Memory and Knowledge Graph

There are three main forms of memory storage: sensory memory, short-term memory and

long-term memory as shown in Fig. 3.1. Sensory memory retains impressions of sensory

information less than one second after the original stimulus has perceived [101, 100].

Short-term memory enables the brain to hold a small amount of information(about 7 +/-

2 pieces) for a very brief time [102, 103]. Long-term memory can store an infinite amount of
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information for a long time [104, 105].

Declarative memory and non-declarative memory are two different types of long-term

memory. Non-declarative memory is the knowledge that cannot be accessed through conscious

processes, such as the ability to orient oneself in space, motor skills, etc [106, 107, 108, 109].

In contrast, declarative memory is the knowledge that can be accessed through a conscious

process [110, 109].

Declarative memory can be further broken down into two subtypes: semantic memory and

episodic memory. Episodic memory is the memory of experiences and specific episodes of

events that occur at a certain time and place in coordinates of time and space [111, 112, 37, 38].

Semantic memory refers to the general knowledge of the world, concepts, rules and language

that human accumulated throughout their lives [37, 38, 39]. This memory encodes abstract

knowledge about the world, such as “Ottawa is the capital of Canada”.

According to the previous studies of cognitive science domain, general knowledge is stored

in the semantic memory of our brain in the form of connected nodes. These nodes represent

different concepts of knowledge, and they are connected by relations of these nodes. There are

two kinds of relations, one is hierarchical relations which indicate the concepts were organized

from higher order categories down to lower order categories [113]. For example, a concept

“Animal”, the subclass is “Bird” or “Fish” as shown in Fig. 3.2. And “Fish” might be further

linked to “Carp”, “Salmon”, etc. Except for hierarchical relations, there are other relations

called concept-property relation which store properties and characteristics of concepts at each

node [113]. For the node “Salmon”, the concept property should be like “lives in the ocean”,

“are born in fresh water”, etc.

According to the economics of cognitive efficiency, a concept property will be linked to

the highest possible class. For example, the brain links property “can swim” to the node “Fish”

instead of linking to every subclass of “Fish”. Which indicates that all the subclass of “Fish”

have the concept-property relation “can swim”.

Knowledge graph in this thesis is a technical implementation of semantic memory. As shown

in Fig. 3.2, in a knowledge graph, the concepts are represented as entities, and the hierarchical

relation is the relation between two entities which connect by a predicate phrase “is_a”. The

concept-property relation is represented as a relation triples (subject, predicate, object). Here

the subject and the object are entities, and the predicate links the subject to the object [99].
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Figure 3.2: Implement Semantic Memory by Knowledge Graph

The relation (entity1, is_a, entity2) means that entity1 is the superclass of entity2, so entity2

inherits all the property relation triples of entity1. For example, although there are no relation

triples (Salmon, has, fins) and (Salmon, can, swim) in the knowledge graph of Fig.3.2, these

two should be inherited from the superclass of “Salmon”.

3.2.2 Cognitive Process of Question Reasoning

Question reasoning is an advanced cognitive process of looking for answers according to some

premises [114]. In order to perform this cognitive process, human has to access the knowledge

already stored in their memory [40, 41, 42].

Assume a query is a stimulus from the external environment, we review a lot of literature

on the human brain for decision making, logical reasoning, task planning, etc., and summarize

several key steps related to the cognitive process of query reasoning as follows:

1) Sensation and Perception: the stimuli first reach our senses like version, hearing, etc., and

then perception takes over and we start interpreting these stimuli [96]. These processes

encode external stimuli as signals that the brain can recognize.
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2) Planning: planning is the mental process to divide a task into smaller, more manageable

parts, decide the right executing order, assign each task to the proper cognitive resources,

and establish a plan of action [43]. Essentially, planning is a process by which the neurons

of the mid-dorsolateral frontal cortex of human brain establish new paths or synaptic

connections [43].

3) Reasoning: when a query task like “If the wild duck is a bird?” begins to be executed,

the brain will access the semantic memory for the answer and this cognitive process is

called spreading activation model [44]. The process of spreading activation model can be

divided into two parts called the search process and decision-making process:

– Search process: when a concept is stimulated, the corresponding concept node of

semantic memory will be activated. Then the activation will spread to the peripheral

nodes directly connected to the original node parallelly and then spread to various

links along with the peripheral node. The more downward, the weaker the intensity,

until no reaction at the end. The strength of a connection is proportional to the

frequency of a person uses or thinks about. Activations from different concept

spread along different lines. When these activations cross at a certain node and the

sum of activations reaches the activity threshold, the network path (called subgraph)

that generates this crossover will be further evaluated in the decision making process.

– Decision-making process: the search process may get one or more crossovers, so

the decision-making process will collect evidence based on subgraphs extracted

by the search process to decide whether or not the concepts of the crossovers are

correct answers. The superordinate connection, property comparison matching prop-

erty and Wittgenstein strategy matching property found in subgraph constitute the

positive evidence. And the negative superordinate connection, property comparison

distinguishing property and Wittgenstein strategy distinguishing property mutually

exclusive subordinates and counterexamples found in subgraph constitute the nega-

tive evidence [44]. Then, the positive evidence and negative evidence from different

paths in a subgraph will be summed together to make a final decision that the answer

exceeds either a positive or a negative criterion.
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4) Response: when the query gets the answers, the response will output from the mouth,

expression or body language, etc [45]. Unlike the responses of traditional machine learning

systems, brain-inspired cognitive systems require that the responses should be explainable

and can provide confidence for every response like the response given by a human.

5) Learning: learning is the end of a series of cognitive processes. These cognitive processes

refer to any cognitive activities which can learn new knowledge like book reading, Q&A

process, etc. New knowledge will be generated after the information processing of human

cognitive processes. So the knowledge of semantic memory will be updated after the

cognitive processes and this new knowledge will affect cognition in the future [115, 38,

56].

3.2.3 XBot Framework Aligned with Cognitive Process of Q&A
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Figure 3.3: XBot Framework Aligned with Cognitive Process of Q&A

The lower half in Fig. 3.3 is the XBot framework. The upper half in Fig. 3.3 is the cognitive

process that human perform intelligent tasks like question reasoning. Fig. 3.3 shows that how

XBot emulates and aligns the cognitive process of the human brain step by step.
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In XBot, the question representation algorithm of BotPerception emulates the process of

perception of the cognitive process to encode and explain the stimuli. BotPerception will

represent the question in a most suitable form which is determined by the specific scenarios.

Just like the planning of the cognitive process, BotPlanning algorithm divides a question into

smaller questions and decide the right solving order. The BotReasoning is the mimicking of

spreading activation model of reasoning of cognitive process [44]. It contains the algorithm to

search the knowledge graph and make the decision. Depends on different data, scenarios and

questions, the graph search strategies and decision-making algorithm should also be different.

The UI (user interface) of XBot is similar to the function of the mouth, eyes, body language, etc.

of the cognitive process.

For example, for the question “Which graph databases support Python and can be accessed

through the RDF query languages that support subgraph extraction?”, the BotPerception receives

the query and encodes it to ASCII 1. After that, BotPlanning divides this question into four

smaller questions as follows:

1) Which graph databases support python?

2) Which graph databases support Linux?

3) Which graph databases can be accessed through RDF query languages?

4) Which RDF query languages support subgraph extraction?

Next, BotPlanning determines should solve the 4th question first. Finally, BotReasoning

reasons the answers of 4th question and uses the answers of the 4th question to instead the “RDF

query languages” of 3rd question. Then, BotReasoning deduces the answers satisfied the 1st,

2nd and 3rd questions simultaneously, and generate the explanations for all the question-solving

processes.

Based on the above brain-inspired computation, XBot can be used as the basis for designing

a human-like knowledge graph-based Q&A system that has the ability to answer and explain

questions by learned knowledge.

Based on the above brain-inspired computation, XBot can be used as the basis for designing

a human-like knowledge graph based Q&A system that has the ability to answer and explain

questions by learned knowledge.
1https://en.wikipedia.org/wiki/ASCII

26



CHAPTER 3. XBot: A BRAIN-INSPIRED COGNITIVE FRAMEWORK FOR Q&A SYSTEM

3.3 Summary

This chapter conducted a study on the content of cognitive science related to human Q&A

cognitive process. And presented a complete and detailed cognitive process of question reasoning

of the human brain including perception, planning, reasoning, response and the interactions

to semantic memory. Depended on the above investigation, this chapter proposed a brain-

inspired cognitive framework of Q&A process named XBot. XBot consists of five main modules:

BotLearning, BotPerception, BotPlanning, BotReasoning and BotResponse which is largely

inspired by the literature in cognitive science and aligned with the cognitive process of human. It

can be used as a basis for designing a knowledge graph based Q&A system that can understand,

answer questions and provide a human-centred explanation. Compared with the existing Q&A

systems based on knowledge graph, XBot has the capacity to answer questions with explainability

by learned knowledge. XBot also can be customized in different domains which just like humans

can learn different knowledge and become experts of different domains.
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Chapter 4

DeveloperBot: An Explainable Search
Engine Assistant based on
Domain-Specific Knowledge Graph

In Chapter 3, the XBot framework is presented. This chapter will present a tool called Devel-

operBot including a series of implementations of the modules of XBot framework.

Search engines play a critical role in developers’ online information needs and problem-

solving. Although search engines (such as Google) have the capacity to obtain a hyperlink list

according to the query keywords quickly, we noticed that when the query is complex, developers

need to repeatedly search and open a large number of web pages to filter and synthesize answers.

As far as we know, existing Q&A systems for developers are few and lack explainability, which

makes the answers hard for developers to trust and adopt.

In this chapter, DeveloperBot will be used as a search engine assistant to assist the solving

of the closed-end questions. DeveloperBot is customized by loading the knowledge graph of the

software engineering domain into the knowledge base of the XBot framework. DeveloperBot

consists of four main modules: 1) BotPerception is a query graph construction algorithm which

splits a multi-condition query into several simple constraints and constructs the constraints into

a multi-layer query graph, 2) BotPlanning can divide a query into several simple constraints

and decide the right solving order of the constraints by dependency parsing, (3) BotReasoning

is a fast graph cyclic pruning reasoning algorithm inspired from spreading activation model

of cognitive science [44], it models the constraint solving process as subgraph search and

decision-making process and generates the explanations, (4) BotResponse presents the answers

and explanations by UI.
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The results of the experiments show that compared with just using Google, with the assist

of DeveloperBot, users can find answers faster and with more accuracy. The explanation can

not only significantly improve the developers’ trust and adoption to the answers, but also assist

the developers to understand the answers more deeply, improve the answer accuracy and form

better search keywords. Furthermore, the more complex the question is, the more effective the

DeveloperBot can achieve.

The rest of this chapter is organized as follows: In the Section 4.1, we introduce the back-

ground and motivation. Section 4.2 is a scenario to show that how DeveloperBot works and why

DeveloperBot is needy. In the Section 4.3, we first introduce the architecture of DeveloperBot in

Section 4.3.1. Next, we elaborate the details of the approach, e.g., knowledge graph construction

in the Section 4.3.3, BotPerception and BotPlanning modules in the Section 4.3.4, BotReasoning

module in the Section 4.3.5 and the UI of the system in the Section 4.3.6. The experiment and

evaluation of DeveloperBot are shown in the Section 4.4.

4.1 Background and Motivation

Many studies and our preliminary survey show that web search engines are the most dominant,

prominent and indispensable tool for developers to search online information resources or solve

problems currently [116, 117, 118, 119]. Today’s web search engines primarily follow the

“query-response” or short lookup concept. The developers use these web search engines for a

variety of search tasks by typing queries. Then they receive ranked lists of search results (or say

hyperlinks) [116].

Recently, the community of search engine users is increasingly recognizing that traditional

retrieval models are insufficient to satisfy complex information needs [120, 121, 116]. For

example, if a developer types the following query in a search engine - “data visualization library

for javascript”. The received list of search results is reasonable since developers only need

to click on a few hyperlinks to get the information they want. But try this query - “Which

graph databases are compatible with Linux and support both Java and Python?”. The list of

returned results is far from satisfactory. In order to get the information they want, the developer

has to open a lot of hyperlinks and synthesize the results of different sources related to their

information needs [116]. The above two queries are very easy to understand for humans, but

current NLP-based web search engines still can not perform well on complex queries [122].
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Based on the above situation, in order to provide web search engine users with better support

on complex search tasks, many research works propose to provide additional enhanced services

for complex search tasks depending on their characters [116]. This is a consensus for major

search engine companies (e.g. Google, Bing, Yahoo, etc.): automatic Question Answering (Q&A)

system (also known as a direct answer search engine, or natural language search engine, etc.)

is a more advanced next-generation search engine which returns real-time answers instead of

a ranked list of hyperlinks [123, 124, 125, 126]. But it is one of the more difficult tasks in the

field of natural language processing (NLP) because it requires a wide range of intelligence (e.g.,

parsing, search, information extraction, inference, etc.).

Furthermore, according to our survey of the state of the art Q&A system, without the original

semantic context, the lack of explainability that makes the answers difficult for users to trust and

adopt [75, 76, 127]. In order to provide a human-centred explanation, the Q&A system should

align with the cognitive model of human and explain within the basic framework of human

cognition [27, 28, 17, 18, 19, 29].

In this chapter, a tool called DeveloperBot including a series of implementations of the

modules of XBot framework will be presented. DeveloperBot can be used as a search engine

assistant to assist in solving the complex closed-end questions. DeveloperBot is customized

by loading the knowledge graph of the software engineering domain into the knowledge base

of the XBot framework. DeveloperBot consists of four main modules, (1) BotPerception is a

query graph construction algorithm which incorporates the Dependency Parsing into the Tree

Parsing [46] for maximizing the completeness of extracted answers constraints to a query graph,

(2) BotPlanning can split a query into several simple constraints and decide the right solving

order of the constraints by dependency parsing, (3) BotReasoning is a fast graph cyclic pruning

reasoning algorithm combined with logic rules and data, which will use the query graph to

search a candidate subgraph from the knowledge graph by spread activation algorithm firstly.

Secondly, this algorithm extracts the features according to the topological structure of subgraph

and word embedding of the predicate of candidate answers triples. The last, it makes a decision

for the final answers based on Bayesian Decision Theory or Deep Neural Networks (DNN) and

extract the reasoning subgraph and compute the confidence as explanations, (4) BotResponse

presents the answers by UI (user interface).

The result of decision making shows that, with topological structure, predicate similarity

and other novel features of the subgraph, the Bayesian decision theory and DNN algorithm
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can extract the correct answers from the candidate answers with about 98% and 99% accuracy

respectively, and the mean square error (MSE) of confidences are 0.0083 and 0.00022, respec-

tively. We implement a prototype of DeveloperBot and use it as a search engine assistant specific

for developers for evaluation. Then a user study involving 24 developers was conducted with five

searching tasks. The participants of the user study express that DeveloperBot has the capacity to

model and reason complex problems. They think that DeveloperBot is a good supplement to

the search engine. The experimental data also shows similar results: compared with just using

Google, with the assist of DeveloperBot, users can find answers faster and with more accuracy.

In addition, using the reasoning subgraph and answer confidence as the explanation of the direct

answers can significantly improve the developers’ trust and adoption to the answers. These

explanations also assist the developers to understand the answers more deeply, improve the

answer accuracy and form better search keywords. Furthermore, the more complex the question

is, the more effective the DeveloperBot can achieve.

This chapter makes the following three major contributions:

1) A tool called DeveloperBot including a series of implementations of the modules of XBot

framework is proposed, which is customized by loading the knowledge graph of software

engineering domain into the knowledge base of XBot framework. DeveloperBot can be

used as a search engine assistant to assist the solving of the complex closed-end questions

with human-centred explainability.

2) A novel query graph construction algorithm is proposed to split a multi-condition

query into several simple constraints and construct the constraints into a multi-layer

query graph (BotPerception), and meanwhile, determine the solving order of these con-

straints (BotPlanning). In contrast, this algorithm analyzes the expression pattern of

natural language deeply and enhances the representation capacity of the complex multi-

condition query.

3) Further, a fast graph cyclic pruning reasoning algorithm named BotReasoning is proposed,

which inspires from spreading activation model and models the question answering as

subgraph search and decision making process by Bayesian decision theory or DNN.

BotReasoning also extracts the reasoning subgraph and computes the confidence values as

qualitative and quantitative explanations to the corresponding direct answers, respectively.
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Based on the novel features, BotReasoning can extract answers with higher accuracy and

estimate answer confidences with lower MSE.

4) The prototype of the DeveloperBot system is implemented and customized by a knowl-

edge graph of software engineering domain as a proof-of-concept. A user study is also

conducted to evaluate its practical values.

4.2 Motivating Scenario

In this section, we select a scenario that the developers (say Tan) may encounter when they

searching online information resources, and show how our search engine assistant DeveloperBot

can assist for complex query understanding and multi-conditional querying.

Assume that Tan is assigned a development task to extend a Python-based project on a

Linux operating system as shown in Fig. 4.1. This project involves a large number of queries to

a heterogeneous knowledge graph including RDF graphs and property graphs1. Tan wants to

choose the most suitable graph database for this project according to the existing environment.

Considering upgrades and maintenance in the future, this database should satisfy the following

constraints natively:

Heterogeneous Knowledge Graph

Python Project

Graph Database API for Python

Return 
Subgraph

Query 
Property 
Graph

Return 
Query 
Result

Extract 
Subgraph 
by RDF 
Query 

Language

RDF Graph Property Graph

Graph Database
Which Graph Database?

Figure 4.1: The System Framework of the Motivating Scenario

1https://neo4j.com/blog/rdf-triple-store-vs-labeled-property-graph-difference/
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• This database should officially support the standard Python API.

• Since this database needs to store two different graph data, RDF graphs and property

graphs, graph database which can be accessed by RDF query language will be the best

choice (instead of RDF database that only supports RDF graph).

• This database needs to perform a critical operation: a large number of specific subgraph

retrievals, so the RDF query language supported by this database is required to support

subgraph extraction at the same time.

virtuoso

python

graph database

sparql

subgraph extraction

rdf query language

support

support
be a

besupport

Figure 4.2: The Reasoning Subgraph Explanation of Direct Answer “Virtuoso”

According to the above requirements, Tan forms the query “Which graph databases support

Python and can be accessed through the RDF query languages that support subgraph extraction?”

and then input the query to the search box of DeveloperBot.

For this query, DeveloperBot gives the following response: First, the response includes

three direct answers: Amazon Neptune, Virtuoso and DB2, which are recommended graph

databases that meet the requirements of Tan. Second, each direct answer contains a reasoning

subgraph to explain the reasons for the recommendation. For example, the reasoning subgraph

of the direct answer “Virtuoso” is shown in Fig. 4.2. This graph explains that the direct answer

“Virtuoso” is recommended because the “Virtuoso” is a graph database, and it supports Python

and SPARQL. And the SPARQL is an RDF query language that supports subgraph extraction.

Third, DeveloperBot also gives its confidence for every direct answer. The above operations

allow Tan to locate the three answers that meet his requirements quickly.
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Figure 4.3: The Framework of DeveloperBot

4.3 Approach

4.3.1 Framework of DeveloperBot

Fig. 4.3 is the framework of DeveloperBot. The input of DeveloperBot is the query text from

developer (e.g., “Which mobile operating system is based on Linux kernel?”.). The DeveloperBot

has three outputs as shown below:

• Direct answers: the simple and accurate answers provided by our system (rather than a

list of web sites).

• Explanation - Reasoning subgraph: a reasoning subgraph extracted from the knowledge

graph which indicates “why” and “how” this answer is be presented.

• Explanation - Confidence: the confidence of DeveloperBot for every direct answer which

indicates “how confident” the system is in this answer.

DeveloperBot contains four main parts as shown in the blocks of red dot line Fig. 4.3. These

four blocks correspond to different implementations of the framework of cognitive model XBot.
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BotPerception and BotResponse is implemented by User Interface, which is a frontend web-

based application that consists of a search box for the user to input their query text and an area to

visualize the direct answers and corresponding explanations. The BotPerception and BotPlanning

are implemented by a Multi-constrained Query Graph Construction algorithm. These parts

receive the query text from the User Interface, pre-processes the query text, add NLP (Natural

Language Processing) markup like token, POS tag, dependency, etc., chunk NP and VP, chunk

query constraint triples, determine the solving order and construct a multi-constrained query

graph. The knowledge graph of the software engineering domain is constructed offline at the

Domain Knowledge Graph Construction part which implements BotLearning. BotLearning

extract knowledge graph from tag wiki of Stack Overflow by combining an algorithm called

HDSKG and the knowledge of domain experts in software engineering.

For the BotReasoning part, a Fast Graph Cyclic Pruning Reasoning Algorithm is proposed

as the implementation. Firstly, BotReasoning extracts a candidate subgraph for the outer layer of

the query graph from the domain-specific knowledge graph. Secondly, it generates the candidate

answers and extracts the novel features of them. Thirdly, the vector representation of subgraph

and constraint triples of candidate answers will be obtained by looking up the result of word2vec.

Here a word2vec model is pre-trained offline by a text corpus from Stack Overflow. Fourthly, a

decision making algorithm (e.g., Bayesian decision theory, DNN) will choose right answers from

the candidate answers, and then use them to prune the outer layer of query graph. BotReasoning

repeats the above iteration operation until the last constraint triples is solved, then extracts the

direct answers and their explanations to the UI.

4.3.2 Algorithm of DeveloperBot

The pseudo code of DeveloperBot is shown in Algorithm. 1. The BotPerception and the Bot-

Planning subroutines receive Q, pre-processes the query text, add NLP (Natural Language

Processing) markup like token, POS tag, dependency, etc., chunk NP and VP, chunk query

constraint triples, determine the solving order and construct QG.

For BotReasoning the subroutines, firstly, BotReasoning extracts a SG for the outer layer of

QG from KG. Secondly, it generates the candidate answers and extracts the novel features of

them. Thirdly, a decision making algorithm (e.g., Bayesian decision theory, DNN) will choose

AS from candidate answers, and then iterates AS to the object of previous layer of QG and
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Algorithm 1 DeveloperBot
Input: Q, KG
Output: Direct Answers, Explanations

1: Subroutine BotPerception(Q)
2: Add NLP markup of Q
3: Tree Parsing of Q
4: Check Patern1-Patern7
5: return Constraint triples of Q
6: EndSubroutine
7: Subroutine BotPlanning(Constraint triples of Q)
8: Determine the solving order of the Constraint triples of Q
9: QG← Constraint quads

10: return QG
11: EndSubroutine
12: Subroutine BotReasoning(QG, KG)
13: PQG← QG
14: while (PQG 6= ∅) do
15: currentCQ← outer layer of PQG
16: CA, SG← subgraphSearch(currentCQ, KG)
17: AS ← decisionMaking(featureExtraction(CA, SG))
18: Iterate AS to pervious layer of PQG, prune currentCQ from PQG
19: Generate and combine explanations
20: end while
21: return Direct Answers and Explanations
22: EndSubroutine
23: QG← BotPlanning(BotPerception(Q))
24: Direct Answers and Explanations← BotReasoning(QG, KG)
25: return Direct Answers and Explanations

prune currentCQ from PQG. BotReasoning repeats the above iteration operation until the last

constraint triples of PQG is solved, then returns the direct answers and their explanations.

4.3.3 Knowledge Graph of Software Engineering Domain Construction

The backend knowledge base of the DeveloperBot is a knowledge graph of software engi-

neering mainly extracted by the advance domain knowledge graph extraction techniques, e.g.,

HDSKG[128, 66], HDSO [129]. In addition, this knowledge graph is also augmented by the

knowledge of domain experts in software engineering, synonym set and NLP techniques like

NER (Named-entity recognition) [130]. The technique HDSKG will be elaborated in the next
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chapter, this section will present a summarization of the knowledge augmentation. Refer to our

paper for more technical details [128, 131, 129].

4.3.3.1 Augment Knowledge Graph by Knowledge of Domain Experts

The knowledge graph extracted from the crowdsourcing data has its limitations. For example,

some relations are very important in the software engineering domain, but they are rarely

mentioned in natural language crowdsourcing data because these relations are too common

sense (e.g. “A graph database is a database.”). In addition, there are some equivalence relations

in the software engineering domain. For example, if there is a relation (P4V; is; cross_platform)1.

A cross-platform application may run on Microsoft Windows, Linux, and macOS2. So we

can derive relations that (P4V; run_on; Microsoft_Windows), (P4V; run_on; Linux) and (P4V;

run_on; macOS)3. So the common sense knowledge of domain experts is used to augment the

knowledge graph.

4.3.3.2 Augment Knowledge Graph by Synonym Set

Crowdsourcing data is edited by a different user, so there are often different expressions for

the relation. For example, a relation (doxygen, is_available_for, Linux) is the same mean

as (doxygen, run_on, Linux). There are also some different expressions point to the same

concept like “object-database” and “object-oriented-database” are the same meaning. Stack

Overflow provides a synonym set4 with more that 4000 synonyms in the software engineering

domain. These synonyms are incorporated into the domain knowledge graph with relation

“is_synonym_of” (e.g. mpmjs; is_synonym_of; npm) for further analysis.

4.3.3.3 Augment Knowledge Graph by NLP Techniques

In addition, there are also some implicit relations between some entities, which can be iden-

tified by syntax. The “head”5 of a phrase is the word that determines the syntactic category

of that phrase. For example, “red dog” is a “dog”, the word “red” of the phrase modify the

1https://stackoverflow.com/tags/p4v/info
2https://en.wikipedia.org/wiki/Cross-platform_software
3https://www.perforce.com/downloads/helix-visual-client-p4v
4https://stackoverflow.com/tags/synonyms
5https://en.wikipedia.org/wiki/Head_(linguistics)
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head, and is, therefore, the head’s dependents. Here we extend the syntax rule “head” to the

entity level. Assume there are two entities in the knowledge graph named entity1 and entity2, if

entity1 is the head of entity2, a hierarchical relation (entity2; is_a; entity1) will be built in the

knowledge graph. For example, if entity1 is “programming_language” and entity2 is “object-

oriented_programming_language”. The entity “programming_language” is the head of “object-

oriented_programming_language” since the “object-oriented” modify this head entity “program-

ming_language”, so “object-oriented” is dependent of “programming_language”. So we can

derive a relation that (object-oriented_programming_language; is_a; programming_language)

Named-entity recognition (NER) (also known as entity identification, entity chunking and

entity extraction) seeks to locate and classify sequences of words in a text into pre-defined

categories such as person and company names, or gene and protein names, organizations,

locations, medical codes, time expressions, etc. The DeveloperBot incorporates the tool named

coreNLP released by Stanford to recognize all the entities in the final knowledge. graph [132,

133, 134, 135].

Figure 4.4: Result of Named-entity Recognition for Relation Triples (Microsoft,
was_founded_by, Bill_Gates)

As shown in Fig. 4.4, the relation triples (Microsoft, was_founded_by, Bill_Gates) is

recognized two named-entities, they are “Microsoft”-ORGANIZATION and “Bill Gates”-

PERSON. So two relation triples (Microsoft, is_a, organization) and (Bill_Gates, is_a, person)

will be added into the knowledge graph.

4.3.4 BotPerception and BotPlanning: Multi-constrained Query Graph
Construction

In order to understand the syntax of the technical questions of developers, rough observation and

analysis are made on the closed-ended questions of Stack Overflow. The results show that these

questions are often complex and diverse, and the constraints of the query are often scattered in

various grammars, such as attributive clauses, coordinate clause, etc. Therefore, some traditional

query understanding methods like greedy technical terms matching [136] or tree parsing [12]

are not suitable for multi-constraints complex query understanding.
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In this part, we will elaborate on how BotPerception combines dependency into constituency-

based parse trees1, and extracts the constraints in the query completely. Meanwhile, the Bot-

Planning will divide a query into smaller queries and decide the right solving order. Then the

constraints and query solving order will be constructed into the query graph as constraint quads.

4.3.4.1 What is Query Graph of DeveloperBot?

Here we use the original sample query “Which graph databases support Python and Linux,

and can be accessed through the RDF query languages that support subgraph extraction?” to

analyze which features need to be represented by a query graph. In this sample query, the direct

answers should be one or more graph databases that meet the three constraints: 1) support

Python, 2) support Linux, 3) can be accessed through the RDF query languages. And the RDF

query languages should meet one constraint: support subgraph extraction. Here the “graphics

databases” is a category constraint (or called taxonomic constraint) that indicates which sub-type

the direct answer belongs to in the hierarchical types. The “support Python”, “support Linux”

and “can be accessed through the RDF query languages” are property constraints (or called

non-taxonomic constraints). Property constraint represents the feature of the direct answers by

a phrase beginning with a VP followed by an NP. For a query graph, the constraints used to

describe the direct answer are called the first layer constraints.

Similarly, the “RDF query languages” is a category constraint and “support subgraph

extraction” is a property constraint. And these two constraints are called second layer constraints.

If there are some constraints which used to describe the concept in the second layer, it is called

third layer constraints and so on.

4.3.4.2 Pre-process Text

Given a search query, relying on synonym set created by the community of Stack Overflow,

DeveloperBot first implements a matching method to identify and replace the synonyms in a

search query, such as replace jdk11 with Java-11, DBMS (database management system) for

database, Microsoft Windows to windows. Then, DeveloperBot splits the query sentence into

words by spaces. Next, it simplifies the plural words into singular words through stemming

analysis.

1https://en.wikipedia.org/wiki/Parse_tree
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4.3.4.3 Annotate Query with Multi-Dimensional NLP Markup

Figure 4.5: POS tagging results of the sample query

Natural language markup is widely used in natural language preprocessing, sentence

structure analysis and semantic analysis, etc [137, 138, 139]. The DeveloperBot incorpo-

rates the tool named coreNLP released by Stanford to its NLP markup annotation compo-

nent [132, 133, 134, 135]. Then, we apply the tokenization, POS (Part of Speech) tagging,

dependency parsing and lemmatization to the query. The task of tokenization is to break the

sentence into small pieces, called tokens, and drop some characters like punctuation. POS tag-

ging is the process of labelling words with their appropriate Part-Of-Speech (or, more generally,

grammatical properties), such as NN: Noun, singular or mass, WP: Whpronoun, VBZ: Verb,

3rd person singular present, etc. Fig. 4.5 shows the POS tagging result of a complex query with

multiple constraints.

Dependency is the grammatical structure of a sentence, mainly the relationship between the

control word (also called "head") and the subordinate word (the word that modifies the head).

Which
graph databasescompound

LinuxPython

support
nmod:with

conj:and

det

nsubj
nsubj

can
be accessed

aux

auxpass

conj:and

the
RDF
query

that support
subgraph extraction

language

det

compound
compound

nmod: through

nsubjref dobj

amod

Figure 4.6: Graphical representation of the Dependencies for the query: “Which graph databases
support Python and Linux, and can be accessed through the RDF query languages that support
subgraph extraction?”
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Fig. 4.6 shows a directed graph representation of the whole dependencies for the sample query.

The nodes of Fig. 4.6 are the words of the query, and the edges in Fig. 4.6 are grammatical

relations of the words.

Tab. 4.1 presents some detailed description of some key dependencies relations of query

“Which graph databases support Python and Linux, and can be accessed through the RDF query

languages that support subgraph extraction?”.

Table 4.1: Dependencies Description for Query: “Which graph databases support Python and
Linux, and can be accessed through the RDF query languages that support subgraph extraction?

”

Dependency Governor Dependent
Semantic relationship between the words

depicted by denpendency

det databases-3 Which-1 “Which-1” is determiner of “databases-3”

nsubj support-4 databases-3
“databases-3” is nominal subject

of “support-3”

nsubjpass accessed-12 databases-3
“databases-3” is passive nominal subject

of “accessed-12”

dobj support-4
Python-5 “Python-5” and “Linux-7” are direct

objects of “support-4”Linux-7

nmod:through accessed-12 languages-17
“languages-17” is nominal modifier

of “accessed-12”

acl:relcl languages-17 support-19
“support-19” is a relative clause modifying

the “languages-17”

conj:and support-4 accessed-12
“support-4” and “accessed-12” are connected

by coordinating conjunction “and”

As Tab. 4.1 shows, “det” is the abbreviation of determiner. There are three interrogative

determiners: what, which, whose What is for asking for information specifying something.

Which are interrogative determiners for asking for information specifying one or more people or

things from a definite set. Whose means "belonging to which person". In our illustrative query,

“Which-1” is the interrogative determiners of the “databases-3”, it determines that the answer to

this question is to specify one or several databases that meet the constraints from the set of all

database.

“nsubj” is the abbreviation of a nominal subject. It is a noun phrase which is the passive

syntactic subject of a clause [140]. For our illustrative query, nsubj (support-4, databases-3) and
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nsubj (supports-19, languages-17) means that “databases-3” and “languages-17” is the syntactic

subject of the verb “support-4” and “supports-19”, respectively.

“nsubjpass” is the abbreviation of the passive nominal subject. In the sample query, “databases-

3” is passive nominal subject of “accessed-12”.

The “dobj” is the direct object of a VP, and is also an NP which is the accusative object of

the verb. Here “Python-5” and “Linux-7” is direct object of “supports-4”.

The “nmod” means and uses between two content words, as the preposition of one content

word is now viewed as a case depending on its complement. In general, the “nmod” indicates

some further adjunct relation specified by the case [141]. Here the nmod (accessed-12, languages-

17) means that “languages-17” is nominal modifiers of “accessed-12”. Notice that some times

there will appear a preposition after “nmod” like “nmod: through”. This “through” means the

complement use the preposition “through” to modify the Dependent.

“acl:relcl” means a relative clause modifier of a noun is a relative clause modifying the noun.

Here the “support-19” is a relative clause modifying the “languages-17”

“conj” is conjunct and indicates the relation between two elements connected by a coordinat-

ing conjunction, such as “and”, “or”, etc. In the illustrative query, the “support-4” of the relation

is the first conjunct and “accessed-12” depend on it via the coordinating conjunction “and”.

The goal of lemmatization is to reduce inflectional forms and derivational related forms of a

word to a common base form.

4.3.4.4 Constituency-based Tree Parsing

In this step, a fulltext parsing technique called “Tree Parsing” is adapted to segment a sentence

into its subconstituents [142, 143, 144, 12]. As shown in Tab. 4.2, DeveloperBot sets four

subconstituents called WHNP, WHVP, NP and VP. Here NP and VP are abbreviations of noun

phrase and verb phrase, respectively. Subconstituent WHNP represents a phrase beginning with

“which”, “what” or “whose” following by a noun phrase (e.g. Which relational databases). If a

phrase starts with “who”, “when” or “what” and following by a verb phrase, WHVP will be the

name of this subconstituent (e.g. Who developed).

The second column of Tab. 4.2 is the parsing expressions of the above four subconstituents.

These parsing expressions are represented by POS tags derived from Fig. 4.5. Here (WDT)

represents “which” and “what”; (WP$) is wildcard of “whose”; (WP) stands for “who” or
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Table 4.2: Parsing Expression of Subconstituent
Name Parsing Expression

INNP
(IN)+(CD)*(DT)?(CD)*(JJ)*(CD)*(VBD|VBG)*-
(NN.*)*(POS)*(CD)*(VBD|VBG)*(NN.*)*-
(VBD|VBG)*(NN.*)*(POS)*(CD)*(NN.*)+

WHNP
(WDT|WP$)+(CD)*(DT)?(CD)*(JJ)*(CD)*(VBD|VBG)*-
(NN.*)*(POS)*(CD)*(VBD|VBG)*(NN.*)*-
(VBD|VBG)*(NN.*)*(POS)*(CD)*(NN.*)+

WHVP
(WP|WRB$)+(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?-
(DT)?(IN*|TO*)+
(WP|WRB$)+(MD)*(VB.*)+

NP
(CD)*(DT)?(CD)*(JJ)*(CD)*(VBD|VBG)*(NN.*)*-
(POS)*(CD)*(VBD|VBG)*(NN.*)*-
(VBD|VBG)*(NN.*)*(POS)*(CD)*(NN.*)+

VP

(MD)*(VB.*)+(CD)*(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*|TO*)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(TO*)+(VB)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*)+(VBG)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*|TO*)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)+
(MD)*(VB.*)+

“what” (when “what” followed by noun phrase); (WRB) is wildcard of “when”. (MD) is modal;

(VB.) stands for different categories of verb such as VB - verb base form, VBG - verb gerund

or present participle, VBN - verb past participle, VBP - verb non-3rd person singular present,

VBZ - verb 3rd person singular present. (NN.*) stands for different categories of noun such as

NN - singular or mass noun, NNS - plural noun, NNP - singular proper noun, NNPS - plural

proper noun. (JJ) represents an adjective; (RB) is an adverb; (DT) presents an article; and (IN*)

means any preposition or subordinating conjunction.

In the parsing expressions, “?” stands for whether or not there is such a determinant; “*”

means zero or more determinant; “+” means must have such a determinant; “-” means continue

to next row.

Using the tree parsing, the tokens of the sentence are segmented to WHNP, WHVP, VP and

NP. For example, the sentence “Which graph databases support Python and Linux, and can be

accessed through the RDF query languages that support subgraph extraction?” is segmented
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Which graph databases support Python Linux can be accessed through the RDF query languages support subgraph extraction

WDT NN NNS VBP NN NNand MD VB VBN IN DT NNP NN NNS that VBP JJ NN

WHNP VP NPCCNP VP NP IN VP NP

S

?

.

CC,

and.

Figure 4.7: Result of Tree Parsing

into WHNP: “Which graph databases”; VP: “support” and “can be accessed through”; NP:

“Python”, “Linux”, “the RDF query languages” and “subgraph extraction” as shown in Fig. 4.7.

4.3.4.5 Construct Query Graph with Dependency Parsing

Assume there is a query Q, the query graph constructed by BotPerception and BotPlanning

is represented as QG. A QG is composed of the basic units called constraint quads, and a

constraint quads consists of four basic elements which is represented as (category constraints,

VP of property constraints, NP of property constraints, layer number).

Firstly we use the constituency-based tree parsing to parse Q and get all the WHNP, WHVP,

NP and VP as shown below:

Q = (WHNP1,WHNP2, ...,WHNPi, ...,WHNPm;

WHV P1,WHV P2, ...,WHV Pj, ...,WHV Pn;

NP1, NP2, ..., NPk, ..., NPp;

V P1, V P2, ..., V Ps, ..., V Pq) ,

(4.1)

where WHNPi, WHV Pj , NPk and V Ps are the ith WHNP, jth WHVP, kth NP and sth VP

respectively in Q. There are m WHNP, n WHVP, p NP and q VP in Q.

WHNPi = (whnpi1, whnpi2, ..., whnpif , ..., whnpix)

WHV Pj = (whvpj1, whvpj2, ..., whvpjw, ..., whvpjy)

NPk = (npk1, npk2, ..., npkr, ..., npku)

V Ps = (vps1, vps2, ..., vpst, ..., vpsv),

(4.2)

where whnpif , whvpjt, npkr and vpst are f th, wth, rth and tth word of WHNPi, WHV Pj ,

NPk and V Ps, respectively. Assume that the total number of words of WHNPi, WHV Pj ,
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NPk and V Ps are x, y, u, and v. Note that the subscripts of the subconstituents and the words

of subconstituents are arranged in the order in which they are in the query sentence.

Secondly, the dependency parsing technique is used for markup the dependency for all words

of Q. Because of the variability of natural language, it has a lot of uncertainties (e.g. There

are many expressions for the same meanings, or the meaning of a word in different contexts

is completely different, etc.) After in-depth observation and analysis to the questions on Stack

Overflow and our data set, we summarize the query sentence structures commonly used by

developers and propose the following 7 query constraints and their layers extraction patterns to

construct a query graph 1.

Pattern 1: If in a query Q, the number of WHNP m = 1, the number of WHVP n = 0,

and WHNP is detected at the beginning of the Q. The NP following the interrogative word is

represented as WHNPNP = (whnpnp1, whnpnp1, ..., whnpnpe, ..., whnpnpw). whnpnpe is the

eth word of WHNPNP , and there are w words in WHNPNP in total. The WHNPNP will be

regarded as a category constraint of direct answers.

After determining category constraints, we will extract the property constraints correspond-

ing to the category constraints. If the following 4 dependency pair are detected:

• dp[nsubj (vpst, whnpnpe), dobj (vpst, npkr)]

• dp[nsubjpass (vpst, whnpnpe), dobj (vpst, npkr)]

• dp[nsubj (vpst, whnpnpe), nmod (vpst, npkr)]

• dp[nsubjpass (vpst, whnpnpe), nmod (vpst, npkr)]

Then a property constraints (V Ps, NPk) will be extracted into the QG. Where dp[a, b] means

that a and b appear simultaneously in the result of dependency parsing of Q.

For example, in the query “Which graph databases support Python and Linux, and can be

accessed through the RDF query languages that support subgraph extraction?”, “Which graph

databases” is a WHNP at the beginning of the query phrase and “graph databases” is the

WHNPNP as shown in Fig. 4.7. So (graph_databases) will be extracted as a category constraint

of direct answers.
1Here the 7 patterns presented is typical patterns covering most of the scenarios. There are still a small number

of missing scenarios.
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Furthermore, there are three dependency pairs (1) dp[nsubj (support − 4, databases −
3) and dobj(support − 4, Python − 5)], (2) dp[nsubj (support − 4, databases − 3) and

dobj (support − 4, Linux − 7)] and (3) dp[nsubjpass (accessed − 12, databases − 3) and

nmod (accessed− 12, languages− 17)] are detected as shown in Fig. 4.6. Here “support-4” is

vp11 which means the first word in the first VP of Q. The “databases-3” is whnpnp2 representing

the second word of NP of WHNP and so on.

In BotPerception, all property constraints belonging to category constraints of direct answers

are classified as the first layer of Q, which means that the order of solving these constraint quads

is last. So from the sample query, Pattern 1 can extract three constraint quads:

• (graph_databases, support, Python, WHNP)

• (graph_databases, support, Linux, WHNP)

• (graph_databases, can_be_accessed_through, RDF_query_languages, WHNP)

Pattern 2: If a constraint quads with layer number = c has been extracted. Assume the “NP

of property constraints” of this constraint quads is:

NPSC = (npsc1, npsc2, ..., npscg, ..., npscd), (4.3)

where npscg is the gth word of NPSC, and there are d words in NPSC in total.

If the following 4 dependency pair are detected:

• dp[nsubj (vpst, npscg), dobj (vpst, npkr)]

• dp[nsubjpass (vpst, npscg), dobj (vpst, npkr)]

• dp[nsubj (vpst, npscg), nmod (vpst, npkr)]

• dp[nsubjpass (vpst, npscg), nmod (vpst, npkr)]

Then a constraint quads (NPSC, V Ps, NPk, c+ 1) will be extracted into the QG.

For example, in the query “Which graph databases support Python and Linux, and can be

accessed through the RDF query languages that support subgraph extraction?”, a constraint

quads (graph_databases, can_be_accessed_through, RDF_query_languages, 1) has been ex-

tracted, so NPSC = “RDF query languages”. A dependency pair dp[nsubjpass (accessed −
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12, databases− 3), nmod (accessed− 12, languages− 17)] is detected. Here “accessed-12”

is vp23, “databases-3” is npsc3, “languages-17” is np34 as shown in Fig. 4.7. So the following

constraint quads will be extracted into the QG:

• (RDF_query_languages, support, subgraph_extraction, 2)

In this constraint quads, the number 2 means that this constraint quads belongs to the second

layer of QG, so it is solved second to last.

Therefore, BotPerception decomposes a complex query into smaller queries (constraint

triples like (subject, predicate, object)) according to its semantic structure. And then, BotPlan-

ning determines the order in which these queries are solved based on their semantic relations

and adds the layer number into the constraint triples to expand it to constraint quads. The larger

the number of layers means that the corresponding constraint quads is located at a more outer

layer in QG. This also means that these constraint quads need to be solved before continuing to

solve the following constraint quads.

Pattern 3: If in a query Q, the number of WHNP m = 0, the number of WHVP n = 1,

and WHVP is detected at the beginning of the Q. The VP following the interrogative word is

represented as WHV PV P = (whvpvp1, whvpvp1, ..., whvpvpc, ..., whvpvpz). whvpvpc is the cth

word of WHV PV P , and there are z words in WHNPNP in total.

If the whvp11 is “who” and WHV PV P is not “is”, “PERSON” will be added to QG as a

category constraint of direct answers. For example, a query “Who created Python?” will be

constructed as:

• (PERSON, created, Python, WHVP)

While the whvp11 equals to “when”, a category constraint “DATE” will be added into QG. If

the whvp11 is “what” and WHV PV P is not “is”, a category constraint ANY ENTITY will be

put into QG. For the query “What is built on top of the HDF5 library?”, the QG will be:

• (ANYENTITY, is_built_on_top_of, HDF5_library, WHVP)

While ANY ENTITY represents a wildcard of any entity that means the direct answer should

be any entities which meet the property constraint like library, method, application, etc.

Pattern 4: If in a query Q, the number of WHNP m = 0, the number of WHVP n = 1,

and WHVP is detected at the beginning of the Q. The VP following the interrogative word
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is “is” and the whvpvp1 is not “when” like query “What is Java Servlet?”. BotPerception and

BotPlanning will regard this question as a definition query and construct the QG as:

• (ANYENTITY, ANYRELATION, Java_Servlet, WHVP)

• (Java_Servlet, ANYRELATION, ANYENTITY, WHVP)

While ANY RELATION represents a wildcard of any relation.

Pattern 5: If in a query Q, the number of WHNP m = 0, the number of WHVP n = 0. At

the same time, the first word of Q is “List” and the rest of the Q is only an NP. e.g. “List graph

database”. BotPerception will construct the QG as:

• (graph_database, ANYRELATION, ANYENTITY, WHVP)

If the first word of Q is “List”, and the rest of the Q is not only a NP. Or the Q is only an (NP,

VP, NP). BotPerception will regard the “List” as “Which” and construct the QG like Pattern 1.

Pattern 6: If INNP is detected at the beginning of a query Q and the following VP is “is a”

like query “If Maemo is a mobile operating system?”, we will construct the QG as:

• (Maemo, is_a, mobile_operating_system, INNP)

where tfc means this is a true or false question and categorization task.

Pattern 7: If INNP is detected at the beginning of a query Q and the following VP is a VP

and not “is a” like query “If HSQLDB support Linux?”, we will construct the QG as:

• (HSQLDB, support, Linux, INNP)

where tfp means this is a true or false question and property validation.

4.3.5 BotReasoning: Fast Graph Cyclic Pruning Reasoning Algorithm

As described in the 4.3.4, a QG contains category constraints, property constraints and layers of

corresponding constraint quads will be constructed. In this section, a fast graph cyclic pruning

reasoning algorithm will implement BotReasoning and take the query graph QG to perform

the reasoning of the direct answers, corresponding explanation extraction and confidence

computation, etc.
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BotReasoning will extract the layer information of the QG and the answer reasoning will

be performed in order from the outer layer to the inner layer. The reasoning order of the

constraint quads in the same layer is determined by random. Once a result of constraint quads is

found, BotReasoning will replace the corresponding object in the lower layer by the reasoning

results. For each constraint quads, the reasoning process partially refers to the spread activation

model [44] and the semantic memory is corresponding to the knowledge graph we construct in

4.3.3. The search process and decision-making process of the spread activation model correspond

to the subgraph search and decision-making process of BotReasoning, respectively.

4.3.5.1 Subgraph Search

Assume the current constraint quads for subgraph search is (csubj, cpredicate, cobj, clayer). In this

subsection, we will introduce subgraph search which utilizes the two concepts csubj and cobj
in a constraint quads (A constraint quads contains two concepts (subject or called category

constraint and object or called property constraint) and a predicate.) to search a subgraph SG

from KG. This SG is a graph which most relevant to the two concepts of the constraint quads.

The pseudo code of subgraph search is shown in Algorithm. 2.

Assume that a knowledge graph KG is composed of n nodes:

KG = [node1, node2, ..., nodei, ..., noden], (4.4)

where nodei is the ith node of KG. Each node in KG having an initial associated activation

value ai ∈ R and 0 < ai < 1. A link linkij connects source nodei to target nodej and the

weight of linkij is wij where wij ∈ R and 0 < wij < 1.

The nodes of KG have an active threshold AT , which AT ∈ R and 0 < AT < 1. In the

subgraph search process, only the nodes in the KG with activation value exceed the AT will be

activated and extracted into subgraph for further evaluation.

There is a decay factor DF where DF ∈ R and 0 < DF < 1. Once activation spreads from

one node to another, the activation value will decay according to DF .

At the beginning of the subgraph search process, BotReasoning links the concepts csubj and

cobj to the corresponding nodes in KG (As the natural language ambiguity problems of nodes

is already a research topic in the knowledge graph domain, so this work does not focus it in

depth. [145, 146]) Then the initial activation value of these two nodes (assume nodesubj and
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Algorithm 2 Subgraph Search
Input: (csubj, cpredicate, cobj, clayer): current constraint quads for subgraph search

KG: knowledge graph
ST : iteration times

Output: SG: the searched subgraph, CN : the crossover nodes
1: Define a set S to store the nodes that can spread activation
2: Link csubj and cobj to nodes nodesubj and nodeobj in KG and activate the spreading
3: Insert nodesubj into S
4: while (ST > 0) do
5: if (S 6= ∅) then
6: Insert S into SGsubj

7: for (each nodei ∈ S) do
8: Spread activation to every neighbouring nodej according to Equation.4.5
9: Adjust activation value of every neighbouring nodej according to Equation.4.6

10: end for
11: Replace all the nodes of S by activated nodes in this round
12: end if
13: ST −−
14: end while
15: Insert nodeobj into S
16: while (ST > 0) do
17: if (S 6= ∅) then
18: Insert S into SGobj

19: for (each nodei ∈ S) do
20: if (neighbouring nodej ∈ SGsubj) then
21: Insert nodej into CN
22: else
23: Spread activation to every neighbouring nodej according to Equation.4.5
24: Adjust activation value of every neighbouring nodej according to Equation.4.6
25: end if
26: end for
27: Replace all the nodes of S by activated nodes in this round
28: end if
29: ST −−
30: end while
31: SG← SGsubj ∪ SGobj

32: return SG and CN

nodeobj) will be greater than active threshold AT , which is also called that these two nodes are

activated. Once the original nodes are activated, they will initiate to spread the activation to all

the neighbouring nodes parallelly.
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Assume nodesubj is the ith node of KG, link linkij connects the source node nodei to the

target node nodej . While the activation spread from nodei to nodej , nodei will compute aj_temp

according to the following formula:

aj_temp = aj + (ai ∗ wij ∗DF ). (4.5)

Then, aj will adjust its value to a′j according to the result of aj_temp:

a′j =


1, ifaj_temp ≥ 1,

aj_temp, ifAT ≤ aj_temp < 1,

aj, ifaj_temp < AT.

(4.6)

As shown in Equation.4.6, if the activation value aj_temp of target node nodej is greater

than 1, nodej will be activated and BotReasoning will set its new activation value a′j to 1. If

the AT ≤ aj_temp < 1, nodej will be activated and the aj will be renewed to aj_temp. When the

aj_temp < AT , nodej can not be activated so the a′j will keep the ordinal activation value aj .

Once nodej is activated, nodej will initiate the next spreading activation cycle to the

neighbouring nodes of nodej . The subgraph search algorithm will repeat to spread the activation

according to the above regulars, and every node can only be activated once. During the subgraph

search process, the activation spread path from the same source node will be recorded. The

spreading will be terminated while the following four situations:

• The spreading arrives the endmost nodes of the KG and no more nodes to spread the

activation.

• All the nodes reach a stable activation state, that means all the spreading paths arrive the

nodes that cannot be activated and can no longer spread to their neighbouring nodes.

• The activation from two different source nodes arrived at the same node. Once the

activation from two different source nodes arrived at the same node, BotReasoning

will propagate back to the source node according to the recorded paths and marks the

backpropagation paths in the subgraph for further evaluation.

• The number spreading iteration times exceed the preset upper bound ST .

51



CHAPTER 4. DeveloperBot: AN EXPLAINABLE SEARCH ENGINE ASSISTANT BASED ON DOMAIN-SPECIFIC
KNOWLEDGE GRAPH

4.3.5.2 Decision Making

In the Section 4.3.5.1, the candidate answer CN and corresponding subgraph is extracted

from KG. In this section, a decision-making algorithm will evaluate the candidate answers

and extract corresponding explanation, and compute the confidence according to SG. Inspire

by the reasoning method of paper [44] of the cognitive science domain, here we propose two

typical decision-making methods: Bayesian Decision Theory and Deep Neural Networks (DNN).

Because Bayesian Decision Theory is more consistent with the decision-making process of the

human brain proposed by cognitive scientists [44, 147], and DNN is the algorithm that obtains

the best performance in practice. Here we integrate logical rules of human, predicate similarity,

the topological structure of subgraph to four features to answer the closed-ended questions.

Predicate Similarity: To measure the semantic relevance between two predicates, a tech-

nique named word embedding [1] is adopted to botReasoning of DeveloperBot. Word embedding

transforms the words or phrases into the form of continuous vectors. [1]. With the vectors, the

words or phrases can do relevance computation, even can get new words by plus and minus

between words. Here we introduce one of the word embedding technique used in DeveloperBot

call word2vec.

word2vec is an unsupervised word representation in natural language processing (NLP)

domain. It assumes that words appear in similar context may have similar meanings [148].

Therefore in the embedding space, the semantically similar words are close to each other. The

input of word2vec is the result of 1 of V. Each input word will be coded as a vector of size V

with all zeros except for the element corresponding to the word’s order in the vocabulary. 1 of

V generates a fixed-size vocabulary from the materials with V members in total. So V is the

dimension of 1 of V.

word2vec can use either of the two model architectures proposed by Mikolov et al. to

generate a distributed representation of the words: one is called CBOW (Continuous Bag-of-

Words Model) and another is called Skip-gram (Continuous Skip-gram Model) [149, 1]. Fig. 4.8

shows the structure of the CBOW model [1]. There are 3 layers in CBOW, they are input layer,

projection layer and the output layer, respectively. The CBOW model predicts the current word

by utilizing the surrounding context words. And the CBOW model assumes that the sequence of

the words of the context does not affect the result of the prediction.

52



CHAPTER 4. DeveloperBot: AN EXPLAINABLE SEARCH ENGINE ASSISTANT BASED ON DOMAIN-SPECIFIC
KNOWLEDGE GRAPH

�(� − 2)

�(� − 1)

�(� + 1)

�(� + 2)

���

�(�)

Input Layer    Projection Layer  Output Layer

Figure 4.8: The Structure of CBOW [1]

Supposing w(t) is any word in the corpus, the Context(w(t)) is the n words before and after

the target word w(t). So we have a training sample (Context(w(t)), w(t)), and the window is

2n+ 1, here we assume the n = 2. The objective function of CBOW model is to maximize the

sum of log probabilities of the surrounding context words conditioned on the center word:∑
w∈C

logp(w(t)|Context(w(t))), (4.7)

where C is the vocabulary of all words.

For the projection layer, we accumulate the 2n vectors from input layer as follows:

Xw =
2n∑
i=1

v(Context(w(t))i). (4.8)

From the projection layer to the output layer there is a Huffman Tree, using to compute the

p(w(t)|Context(w(t))).

p(w(t)|Context(w(t))) = eyw(t),iw(t)∑2n
i=1 e

yw(t),i
. (4.9)

Using this equation, we can compute a score to each word according to the vocabulary.

Many studies have shown superior performance of word2vec in measuring lexical rele-

vance (e.g., [150, 151]). To achieve the above functions, a word corpus needs to be constructed

to train the word2vec model. Specifically, this word corpus should be domain-specific and the

same context to the word to be represented.

Properties Analysis of Subgraph SG: Fig. 4.9 illustrates an example of SG, the left half is

SGsubj activated by category constraint of QG, and the right half is SGobj activated by property
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Figure 4.9: Diagram of Topological Structure of SG

constraint of QG. The root node and leaf node refer to the most superclass node and most

subclass node of SG respectively.

For the red focus node in Fig. 4.9, assume it is a candidate answer we will do decision-

making, the following four kinds of potential topological structure which determine its properties.

R1 refers to the focus node or any superclass of the focus node is crossover node, and the

crossover node connects to the property constraint node or any superclass of the property

constraint node by the predicate of R1. R2 indicates that the focus node or any superclass of the

focus node is the crossover node which connects to any subclass of the property constraint node

by the predicate of R2. R3 means that any subclass of the focus node is the crossover node, and

connects to the property constraint node or any superclass of the property constraint node by the

predicate of R3. R4 represents a topological structure that any subclass of the focus node is the

crossover node and connects to any subclass of the property constraint node by the predicate of

R4.

In addition to the topological structure, the predicates of relations also affect the properties

of the focus node. In natural language, there are many different ways of expressing the same
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meaning. Like the “Mysql support Ubuntu”, the same meaning also can be expressed as “Mysql

can run on Ubuntu”, “Mysql can be used on Ubuntu”. Give a predicate to compare with the

predicate of a relation of a focus node, if these two predicates do not express the opposite

meaning, the relation will be called positive relation. On the contrary, give a predicate “support”,

if the relation of a focus node has a predicate “do not support”, this relation will be called negative

relation. From the above description, we know that this positive relation and negative relation

may appear in any of R1, R2, R3, and R4 at the same time. Therefore, the traditional methods

of weakening the influence of predicates are not suitable for accurate answer extraction [11].

In the knowledge graph, generally, the properties in a superclass indicate that all the entities in

its subclass also have the same properties. For example, if a relation triples inKG is (ArangoDB,

support, Linux). This means all the nodes in the subclass of ArangoDB (e.g. “ArangoDB_3.5”,

“ArangoDB_3.6”, etc.) have the property “support Linux”. Similarly, ArangoDB and its sub-

classes have the property that supports all the Linux distributions at the subclasses of Linux (e.g.

“Ubuntu”, “Debian”, etc.). To the contrary, the relation triples (ArangoDB, support, Ubuntu) can

not deduce (ArangoDB, support, Linux).

Features Generations for Closed-end Question: The human brain has different reasoning

logics and strategies for different questions. Here we mainly focus on the reasoning logic of the

closed-end question. The analysis of true or false question-categorization task or true and false

question-function validation task will be discussed in the future works. In order to find the right

answers from candidate answers, sufficient evidence needs to be gathered to determine whether

it surpasses the positive or negative criteria.

Table 4.3: Types of Relations Found in SG that Constitute Positive Or Negative Evidences
No. Positive Evidence Negative Evidence

1 The candidate node has positive R1 The candidate node has negative R1
2 The candidate node has positive R2 The candidate node has negative R2

Tab. 4.3 lists the positive and negative evidence that can be used to make different decisions.

In general, when property comparison, the weights of positive and negative evidence are not

equal. A few negative evidence may lead to negative decisions, whereas many positive evidence

are needy in order to make a positive decision.
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As we knew, the human can not only answer a question by the existing knowledge in the

brain but also can give a prediction to the questions which do not have direct mapping knowledge

but have some related knowledge and give a confidence value about it. For example, a question

“Which graph database support Linux?”, “ArangoDB” is one of the leaf node activated by

category constraint “graph database”. There are neither positive direct relation (ArangoDB,

support, Linux) nor negative relation (ArangoDB, do_not_support, Linux) in the SG. But there

are relations (ArangoDB, runs_on, centos), (ArangoDB, runs_on, fedora), (ArangoDB, runs_on,

red_hat), (ArangoDB, runs_on, debian), (ArangoDB, runs_on, ubuntu), (ArangoDB, runs_on,

suse), (ArangoDB, runs_on, arch_linux). And in our knowledge graph, “centos”, “fedora”,

“red_hat”, “debian”, “ubuntu”, “suse” and “arch_linux” are subclass of Linux, so these relations

are R2 relations. But these relations do not cover all subclasses of Linux, there are still some

subclasses like “linux_mint” and “elementary_os”.

Table 4.4: Features to Represent a Focus Node
# Name Gloss

1 p_r1_pdictSim
If positive R1 does not exist, the value
takes 0. Otherwise, takes the maximum value
of predicates similarity.

2 p_r2_pdictSim

If positive R2 does not exist, the value
takes 0. Otherwise, the value takes the sum
of predicates similarity of all R2 divide the
number of subclasses of property constraint.

3 n_r1
If negative R1 does not exist,
the value takes 0. Otherwise, takes 1.

4 n_r2
If negative R2 does not exist,
the value takes 0. Otherwise, takes 1.

For a SG generated by a constraint quads, the candidate answers are all the leaf nodes of the

SG activated by category constraint. For the R1, we will give the properties of superclasses and

the nodes between the property constraint and leaf nodes to all the corresponding leaf nodes.

Combine the description of Words Representation and Properties Analysis of Subgraph
SG, we synthesize the above properties into four features to represent a focus node (i.e. the

candidate answer) as shown in Tab.4.4. In these four features, feature #1 named p_r1_pdictSim

represent the influence of R1. If positive R1 does not exist, the value of feature #1 takes 0.

Otherwise, the value of feature #1 takes the maximum value of predicates similarity of all R1:
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p_r1_pdictSim = max(pdictSim_R1i), i = (1, 2, ..., n), (4.10)

where pdictSim_R1i is the predicates similarity of ith R1 computed by the method of Words

Representation, n is the number of R1.

Feature #2 named p_r2_pdictSim represent the influence of R2. If positive R2 does not

exist, the value takes 0. Otherwise, the more subclasses of property constraints connected by

focus nodes, the higher the probability that the focus node meets the property constraint. So

the value of feature #2 takes the sum of predicates similarity of all R2 divide the number of

subclasses of property constraint:

p_r2_pdictSim =
1

mn

m∑
i=1

n∑
j=1

pdictSim_R2ij, i = (1, 2, ...,m), j = (1, 2, ..., n), (4.11)

where pdictSim_R2ij is the predicates similarity of ith leaf nodes of csubj connected to jth

subclass of cobj . m is the number of leaf nodes of csubj and n is the number of subclasses of cobj .

Take the Fig. 4.9 as a example, herem = 2, and n = 2, assume the value of pdictSim_R221 = 1

and pdictSim_R222 = 0.5, the value of feature #2 is (1+0.5)
4

= 0.375. For the feature #3 and

feature #4, if negative R1 or R2 do not exist, the value takes 0, otherwise, takes 1.

Bayesian Decision Theory: Here we briefly review Bayesian decision theory [152]. Bayesian

decision theory is a statistical method to the problem of pattern classification. Different from

frequentist theory, Bayesian approaches integrate human prior knowledge and data statistics,

which is very suitable for classifying the cases with some prior knowledge and a small num-

ber of sample data [153]. It assigns discriminant functions gi(x)(i = 1, 2, ...,m) to classes

ωi(i = 1, 2, ...,m), respectively.

For a given observation x, the posterior will govern our decision:

ω∗ = argmax
i
p(ωi|x), (4.12)

where p(ωi|x) is a posteriori probability density of x.

According to Bayesian formula:
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p(ωi|x) =
p(x|ωi)p(ωi)

p(x)

=
p(x|ωi)p(ωi)∑m
i=1 p(x|ωi)p(ωi)

,

(4.13)

where p(ωi) is prior distribution and p(x|ωi) is class-conditional density function.

For the situation of two classes, the probability of error is:

p(error|x) =

{
p(ω1|x), if we decide x belong to ω2,

p(ω2|x), if we decide x belong to ω1.
(4.14)

So according to the minimum error rate for Bayesian decision theory:

g(x) = g1(x)− g2(x)

{
> 0, we decide x belong to ω1,

< 0, we decide x belong to ω2.
(4.15)

Obviously, in order to apply the Bayesian decision method, we need to know:

• prior distribution p(ωi), (i = 1, 2, ...,m)

• class-conditional density function p(x|ωi), (i = 1, 2, ...,m)

If we assume p(x|ωi) is follow the Gaussian distribution and x is 1-dimensional continuous

random variable, then p(x|ωi) is given by:

p(x|ωi) =
1

σ
√
2π
e−(x−µ)

2/2σ2

, (4.16)

where µ is the mean or expectation of the Gaussian distribution, σ2 is its variance.

According to Bayesian formula 4.13 and minimum error rate, Bayesian discriminant function

gi(x) and g(x) is given by the following:

gi(x) = lnp(x|ωi) + lnp(ωi)− lnp(x), (4.17)

For any two classes ωi and ωj:

g(x) = lnp(x|ωi) + lnp(ωi)− lnp(x)− lnp(x|ωj)− lnp(ωj) + lnp(x)

= lnp(x|ωi)− lnp(x|ωj) + lnp(ωi)− lnp(ωj).
(4.18)
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Figure 4.10: Deep Neural Network

For the closed-end question, the m of ωi(i = 1, 2, ...,m) is two. ω1 means to accept this

answer as the right answer, and ω2 means reject this answer.

Deep Neural Network: Fig.4.10 is the framework of the deep neural network used by our

system. A DNN classifier with three hidden layers is created.

In the input layer, there are input features xi, (i = 1, 2, ...,m), where the m is the number of

input features. Following is the hidden layer, all layers are fully connected. The first and the

second hidden layer contain 10 units and the third hidden layer contains 20 units. The output

layer is presented as aj, (j = 1, 2, ..., n), where the m is the number of classes.

In each hidden layer, the input is zp, (p = 1, 2, ..., P ), where P is the number of input

features, it equal to the output unit of the pervious layer. The x will be fed into the node of the

first hidden layer, so P = m for the first hidden layer. zp will be multiplied by a corresponding

weight wp. Then the sum of those results of all input feature will plus a bias bk, k = (1, 2, ..., K),

where k is the serial number of the hidden layers, K is the number of hidden layers. These

processes is presented as follow:

zpk+1 =
P∑
p=1

zpk × wpk + bk (4.19)

where zpk+1 is the result of p unit of (k + 1)th hidden layer. The wpk is the weight of p unit of

kth hidden layer.
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The result of the last hidden layer will be fed into an activation function. In this case, the

activation function is a rectified linear unit (ReLU). Finally, the activations are summed going

into the output nodes.

aj =
P∑
p=1

ReLU(zpK × wj) (4.20)

where the zpK is the output of last hidden layer, the wj is the weight of j output node.

After that, we can minimize the softmax cross-entropy loss over all labelled node between

the ground-truth and the prediction. With the guide of labelled data, we can optimize the

proposed model via backpropagation and learn the embeddings of nodes.

4.3.5.3 Final Answer and Explanation Generation

BotReasoning extracts the layer information of QG and the answer reasoning will be performed

from the outer layer to the inner layer. The reasoning order of the constraint quads in same layer

is determined by random. Once the answers AS = (as1, as2, ..., asn), where n ≥ 0, n ∈ Z

of a constraint quads currentCQ are found, BotReasoning will replace the corresponding

object constraint in the inner layer by these answers and prune the currentCQ from QG.

BotReasoning will generate n pruned QG, and continues the reasoning process for every QG. If

there are multiple constraints in the same layer and multiple answer sets are deduced, the union

of these sets is computed. These iterations will terminate until the final answers and explanations

of the most inner layer of every QG are achieved.

The corresponding explanations (reasoning subgraph and answer confidence) are extracted

following the cognitive process of DeveloperBot. BotPerception records the entities identified

in a query to the reasoning subgraph, these are also the initially activated nodes (nodesubj and

nodeobj) for spreading activation in the knowledge graph. After every constraint reasoning,

BotReasoning takes all the CR and the relational paths from nodesubj or nodeobj to any nodes

of CR into the reasoning subgraph of previous iteration (if any). Therefore, the final reason-

ing subgraph involves the information of whole cognitive process including BotPerception,

BotPlanning and BotReasoning.

The answer confidences AC = (ac1, ac2, ..., acm), where m ≥ 0, n ∈ Z for currentCQ

are computed by the decision-making algorithm multiplicative the answer confidence from
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outer layer. During the answer reasoning, the confidences aci will be multiplicative to every

confidence of the inner layer. The confidence of an answer reasoned from multiple constraints

in the same layer is obtained by multiplying the answer confidences of all the constraints in the

same layer.

4.3.6 BotResponse: UI of DeveloperBot

A proof-of-concept tool of DeveloperBot is implemented to developers with the interactive

searching interface as shown in Fig. 4.11. The user can enter their query, for example, “Which

IDE support web2.0?” at the input bar and press button “Direct Search”. The application will

search the backend knowledge graph and returns a ranked list of direct answers. For example,

the returned answers in Fig. 4.11 for the sample question is pycharm, aptana, etc. There are also

brief introductions of corresponding answers shown under the direct answers.

DeveloperBot: a search engine assistant that
supports explainable direct answer search
You can search for questions like the following:

1.List relational database

2.Which graph database can run on Linux?

3.What plugin is used to shuffling animation?

4.Who write Firebreath?

Which IDE support web2.0?

pycharm
PyCharm is an integrated development environment
for Python developed by JetBrains. It is available on
Windows, OS X and Linux. It provides support for
common Python frameworks such as Django, Flask,
Pyramid and others. Starting with version 3, a free and
open-source edition of PyCharm was released; along
with a professional edition. If you have found a bug, it
is usually better to report it at the public bug tracker.
For more information, browse the following. The
official product page. The public bugtracker.

0.994

aptana
Aptana Studio is an integrated development
environment designed for the creation of web
applications using a wide variety of popular
technologies. Based on eclipse, Aptana can be used
by itself as a stand-alone application, or plugged into
an existing Eclipse installation. It is a product of
Appcelerator, Inc., and forms the core of Titanium
Studio. "How to" questions are welcome on
StackOverflow, but if you wish to report a bug, please
do so on the Lighthouse ticket tracker. You may wish
to let others here know of that issue, as community
input is important when deciding what features to
prioritize first. When your question is going to be
more specific to the version 3 of Aptana, you may
regard aptana3 tag.

0.9989

bluefish
Bluefish is an editor targeted towards programmers
and webdevelopers, with many options to write
websites, scripts and programming code.

0.994

visual studio 0.9998

Direct Search

Figure 4.11: botResponse: the User Interfaces of DeveloperBot
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At the right side of each direct answer, there is a reasoning subgraph which explains why this

answer is recommended. e.g. pycharm is recommended because Pycharm is an IDE, Pycharm

supports noode.js and noode.js is one of the web2.0 technique, etc. These explanations represent

in the reasoning graph are (pycharm, be, ide), (pycharm, support, noodejs), (noode.js, be_a,

web20). The entities extracted by DeveloperBot from the query are presented as red nodes. The

rightmost number present the confidence of the corresponding direct answer. Which is computed

according to the predicate similarity and topological structure of extracted subgraph by query.

4.4 Experiment

In this section, a series of experiments are conducted to illustrate the performance of Developer-

Bot on complex questions answering, decision-making for candidate answers, explainability and

the acceptability of users, etc. We report these experiments to answer the four research questions

about the effectiveness and usefulness of our approaches:

• RQ1: How is the performance of different decision-making algorithms in identifying the

correct answer?

• RQ2: How is the usability of the prototype of DeveloperBot?

• RQ3: Whether DeveloperBot can improve the performance of developers during answer

search? If the performance is different under different task complexity?

• RQ4: How do users comment on the explanations provided by DeveloperBot and how

these explanations affect user behaviour during answer search?

The result of user study shows that compared with just using Google, with the assist of

DeveloperBot, users can not only find answers faster and with more accuracy, but also understand

the answers more deeply. Furthermore, the more complex the question is, the more effective the

DeveloperBot can achieve. At the same time, the explanation of the answers can significantly

improve the users’ trust and adoption of the answers.
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4.4.1 Data Acquisition

Knowledge Graph: The original knowledge graph1 is the one proposed in Chapter. 5. This

knowledge graph involves the general knowledge of the software engineering domain and

contains 44800 concepts, 9660 unique verb phrase and 35279 relation triples. Then, this knowl-

edge graph is cleared up to drop some unreasonable relation triples and augmented by the

synonyms, expertise of domain experts and NLP techniques. After the augmentation, the final

knowledge graph acquires 39022 concepts, 8173 unique predicates and 35938 relation triples.

These knowledge cover the popular programming languages(e.g., Java, Javascript, Python, etc.),

frameworks(e.g., Flex, Django, etc.), database(e.g., neo4j, Mysql, etc.), tools(e.g., d3, MSBuild,

etc.) of software engineering domain.

Training Corpus of Word Embedding: The tag wiki of Stack Overflow is used as the

training corpus. Tag wiki is not only well maintained but also have standard grammatical

structure and comprehensive technical coverage. Furthermore, then the semantic context of tag

wiki matches to the knowledge graph well. As a result, we acquire 20539 documents, then split

78466 sentences from the documents as training corpus of word embedding.

4.4.2 Experimental Setup and Involved Tools

In the subgraph search process of this experiment, the initial activation values of all nodes

are set to zero. Here the active threshold AT is set to 0.8 and the decay factor DF is set to

0.85. For starting the activation, the activation values of linked nodes of subject constraint and

object constraint will be initialized to greater than AT . The maximum number of iterations

is set to 30. DNN model used in this experiment is a 5 layers classifier whose hidden layer

is set to [10, 20, 10]. For the decision-making process of Bayesian Decision Theory, the

p(ωi = 0) = 0.15, p(ωi = 1) = 0.85.

The Stanford CoreNLP is used to do the NLP mark up, dependency parse [154] and named

entity recognition. The word2vec library of Gensim is used to compute word embedding [155].

The nltk is used to do the VP, NP chunking [156]. neo4j is used to store the final relation triples

for supporting the knowledge graph search and result visualization [157].

1http://neo4j.tuntunkun.org/xuejiao
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4.4.3 Evaluation

In this section, quantitative evaluation and a user study are conducted to evaluate the performance

of DeveloperBot. The quantitative evaluation will evaluate some quantitative metrics like the

accuracy of answers in decision-making, MSE of confidence, etc. The user study will show that

compared with just using the search engine, how DeveloperBot can assist the search engine

during information retrieval of developers.

4.4.3.1 Quantitative Evaluation

In the quantitative evaluation, 109 ground truth questions made by domain experts generated

1819 candidate answers are used for training the decision-making model. Tab. 4.5 shows some

example of the ground truth questions and corresponding answers.

Table 4.5: Example of the Ground Truth Questions and Corresponding Answers
# Question Answer

1 Which programming languages support by Tango.
C,C++,Java,Python,MATLAB,
LabVIEW,IGOR Pro

2 Who develops delphi? Anders Hejlsberg
3 Which java library supports system events monitoring? JNotify

4 Which graph database supports Gremlin?
orientdb,infinitegraph,
amazon neptune,sparksee

To evaluate the answer accuracy and mean squared error (MSE) of confidence of the decision-

making process, these questions and answers are used to do 10-fold cross-validation. In every

iteration, 9 folders of the questions are used to train the decision-making algorithm, and 1 folder

is used to do testing. The average of the 10 times cross-validation will be taken as the final

results of different metrics.

Here we used balanced accuracy instead of accuracy due to the training data is unbalanced.

Balanced accuracy returns the average accuracy per class:

BalancedAccuracy =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
, (4.21)

where TP , TN , FP , FN are true positives, true negatives, false positives, and false negatives,

respectively.
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In addition to balanced accuracy, precision, recall and f1-score are also used as evaluation

metrics to evaluate the performance of decision-making process of DeveloperBot. Here precision

is a metric to measure the quality and reliability of answers. It expresses the proportion of the

true right answer to decide by our algorithm. The recall is a measure of completeness, it refers

to the percentage of total right answers decided by our algorithm. F1-score combines precision

and recall is the harmonic mean of precision and recall [158]:

Precision =
TP

TP + FP
, (4.22)

Recall =
TP

TP + FN
, (4.23)

F1− score = 2 · Precision · Recall
Precision + Recall

. (4.24)

4.4.3.2 User Study

Participants: In the user study, 24 developers from different backgrounds were recruited.

Figure 4.12: Programming Proficiency of Participants

Some of them are the employees or Ph.D students from the School of Computer Science and

Engineering, Nanyang Technological University. Some of them are professional developers

from IT companies like NTT, ST Engineering, etc. Some of the developers are undergraduate

students or professors from computer science major. There are even some participants who come
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from the mechanical engineering major. Based on our pre-experiment survey, all the participants

have experience in programming. These developers are represented to P1,P2,...,P24 and their

proficiency is shown in Fig. 4.12.

The participants also have a diverse programming background and their programming

languages involved Python, Java, Javascript, SQL, C#, etc. as shown in Fig.4.13.

Figure 4.13: The Top 5 Programming Languages most Used by the Participants

In each proficiency level, developers are randomly assigned to two equal-sized groups: G1

and G2. All of them use Google very frequently and none of them claims to be familiar with

the questions in the experimental tasks. In order to exclude the effect of experience differences

and fatigue of the users, these 24 developers will act as experimental group and control group

circularly as shown in Tab. 4.6.

Table 4.6: The Tool (s) the Participants Used for Each Task
XXXXXXXXXXXXTask

Participant
G1 G2

1 Google Google + DeveloperBot
2 Google + DeveloperBot Google
3 Google Google + DeveloperBot
4 Google + DeveloperBot Google
5 Google Google + DeveloperBot
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Task: In this study, we have chosen 5 answer search tasks (represent as Task1 Task5) from

the ground truth questions. The answer to these tasks cover celebrity of software engineering

domain, library, operating system, IDE, and database, etc. as shown in Tab. 4.7. According to the

preliminary test, the difficulty of these five tasks increases in order. According to the Tab. 4.6,

every developer has the opportunity to solve the simple or hard task by only Google or Google

+ DeveloperBot. So they have a comprehensive comparison to the differences with or without

the search engine assistant DeveloperBot. For all the tasks, the participants need to evaluate

all the answers given by Google or DeveloperBot comprehensively, and select x best answers

according to the required number of every task 1.

Table 4.7: The Tasks for User Study
Task No. Task Description Number of Best Answer(s)

1 Who develops Hiawatha? 1
2 List data visualization library 5

3
Which mobile operating system is
based on Linux kernel? 4

4 Which IDE support web2.0? 3

5

Which graph databases support Python
and can be accessed through the
RDF query languages that support
subgraph extraction?

3

Procedure: This user study begins with a brief introduction of DeveloperBot by the experi-

menter. Then the experimenter demonstrates and explains all the features of DeveloperBot to

the participants step-by-step and asks the participants to walk through two training tasks to

familiarize the features of DeveloperBot under the guidance of the experimenters. After the

training, the participants will work on the five tasks without interventions of the experimenters.

After finishing each question, participants of both groups are asked to provide their confidence

to the information they collect (on 5-point likert scale with 1 being least confident and 5 being

most confident). A screencapture software is required to run throughout the whole process

which allows us to analyze the participants’ behaviour after the experiment. In the end, all the

participants will be asked to fill in the System Usability Scale (SUS) questionnaire [159] and do

an open discussion focusing on their options about the different features of DeveloperBot.
1Note that the x is known to the developers.
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4.4.4 Results and Results Analysis
4.4.4.1 Result: performance of different decision-making algorithms (RQ1)

0.9 0.91 0.92 0.93 0.94 0.95 0.96 0.97 0.98 0.99 1

Balanced Accuracy

F1-score

Recall

Precision

Balanced Accuracy F1-score Recall Precision

Random Forest 0.98 0.97 0.97 0.97

Decision Tree 0.98 0.97 0.97 0.97

SVM Linear 0.98 0.97 0.96 0.98

Bayes 0.98 0.96 0.98 0.94

DNN 0.99 0.98 0.98 0.99

Random Forest Decision Tree SVM Linear Bayes DNN

Figure 4.14: Performance of Different Decision-making Algorithms

Here we will present the result of quantitative evaluation and answer the RQ1. Fig.4.14

shows the performance of different decision-making algorithms including Random Forest,

Decision Tree, SVM Linear, Bayes (Bayesian Decision Theory), and DNN. With the accurate

representation of candidate answers by the features extracted by our algorithm, any decision-

making algorithm can get 0.98 balanced accuracy. Compare with other algorithms, DNN

achieves the highest precision 0.98, recall 0.98 and f1-score 0.99, respectively. From Fig.4.14,

we can infer that some decision-making algorithm can achieve high precision, but at the cost of

a low recall, like SVM Linear. The Bayesian Decision theory gets a high recall, but the precision

is low.

Fig.4.15 is the MSE of confidence in different decision-making algorithms. Fig.4.15 shows

that DNN achieves the lowest MSE for the estimation of answer confidence. Although Bayesian

Decision Theory gets the highest MSE, for all decision-making algorithm, the estimation of

answer confidence is within the acceptable range.
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Figure 4.15: MSE of Confidence of Different Decision-making Algorithms

To explore the effects of different features, we train 3 DNN models using different features.

These 3 models use all features, only predicate similarity feature and only topological structure

feature, respectively. The only predicate similarity feature is computed by the maximal predicate

similarity of R1, if it exists. Only topological structure features involve 4 features, the 1 of first

and second features represent the existing of positive R1 and any positive R2, the 1 of third and

fourth features represent the existing of negative R1 and any negative R2.

0.86

0.88

0.9

0.92

0.94

0.96

0.98

1

Balanced Accuracy Precision Recall F1-score

All features Predicate similarity Topological structure

Figure 4.16: Performance of Decision-making Algorithms with Different Features
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As shown in Fig.4.16, the decision-making algorithm with all features performs best for

the metrics like balance accuracy, precision, recall and f1-score. This figure also indicates that

the predicate similarity contributes to the precision significantly, because, with only predicate

similarity feature, the precision almost can achieve as same as all features. But at the same time,

only predicate similarity feature obtains very low recall. This shows that the predicate similarity

is a good feature in terms of identifying the right answers, but without the topological structure,

a lot of right answers are missed.

0.00021568

0.020194133

0.01218731

0

0.005

0.01

0.015

0.02

0.025

All feature Predicate similarity Topological structure

M
S

E
 o

f 
C

o
n
fi
d

e
n

ce

Figure 4.17: MSE of Confidence with Different Features

Fig.4.17 indicates that the decision-making algorithm can get the lowest MSE by using all

features. Compared with the topological structure, predicate similarity achieves higher MSE.

From the above exploration, we can infer that both predicate similarity and topological structure

we design for decision-making are useful for identifying the right answer from the candidate

answers.

4.4.4.2 Result: usability of the prototype of DeveloperBot (RQ2)

Five-point Likert scales is used to evaluate a system’s usability and acceptability. The participant

should finish ten system design and usability questions in the System Usability Scale (SUS)
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questionnaire. The answers of this questionnaire anchor with 1 = StronglyDisagree, 2 =

MildlyDisagree, 3 = Neutral, 4 =MildlyAgree and 5 = StronglyAgree.

Fig. 4.18 shows that most of the participants agree or strongly agree that DeveloperBot

is easy to use and they can learn to use it very quickly. They also feel the features of the

DeveloperBot are well integrated, they are confident during using DeveloperBot and they would

like to use DeveloperBot frequently.

4.33

3.58

4.71

3.88

3.38

0 1 2 3 4 5

easy to use

functions were well
integrated

learn to use very quickly

confident using this system

would like to use frequently

Figure 4.18: Average Score of Positive Metric of SUS
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learn a lot before using

Figure 4.19: Average Score of Negative Metric of SUS

Fig. 4.19 further confirms the simplicity and consistency of DeveloperBot. Furthermore,
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the “would-like-to-use-frequently” metric and “confident-using-this-system” metric of the

DeveloperBot are 3.38 and 3.88, respectively, which indicate that participants appreciate the

assistance of the DeveloperBot and prefer to use DeveloperBot during information retrieval.

4.4.4.3 Result: accuracy, confidence and speed improvement (RQ3)
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Figure 4.20: Answer Accuracy for Each Task

Here we present the result of the first research question: whether DeveloperBot can improve

the accuracy, confidence, and speed of developers in answer search? The answer accuracy here

refers to the correct answer rate for the number of best answers required for each task. Fig.4.20 is

the result of the average answer accuracy of the two groups (12 participants per group). It shows

that for the task 1 and task 2, both the participants who use only Google and the participants

who use only Google + DeveloperBot can finish the tasks with high accuracy (above 0.86). The

answer accuracy of the participants who use only Google even reaches 1 on task 1. These prove

our pre-experiment conjecture: Google has a very good performance in simple information

search tasks.

On the other hand, compared with just using Google, the participants who use Google +

DeveloperBot can finish the task 3, task 4 and task 5 with higher answer accuracy. Furthermore,

the answer accuracy of the participants who only use Google gradually decreases as the com-

plexity of the task increases and has fallen to 0.14 for task 5. But the answer accuracy of the

participants who use Google + DeveloperBot has been maintained at a high level (above 0.78).
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Figure 4.21: The Trend of the Difference of Answer Accuracy with Increasing Task Complexity

This trend can be seen in Fig. 4.21 more clearly. With the complexity of the tasks increasing, the

Google + DeveloperBot group shows an overwhelming advantage in the answer accuracy, and

their difference shows a clear trend of increasing. For task 5, the difference in answer accuracy

even reaches 0.64. These fully illustrate that DeveloperBot, as a search engine assistant, can

significantly improve the answer accuracy during search closed-end questions, especially in

complex search tasks.
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Figure 4.22: Answer Confidence for Each Task

Fig.4.22 is the result of the average answer confidence of the user study. This figure indicates
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that for the easy tasks like task 1, task 2 and task 3, the participants’ confidence of the answers

by using Google is almost the same as using Google + DeveloperBot. But for the complex tasks

like task 4 and task 5, the answer confidence of participants just using Google decline steeply

while the participants using Google + DeveloperBot have maintained a relatively high value (4

and 4.3 for task 4 and task 5, respectively). These indicate that for the easy tasks, the participants

using only Google are more confident with the answers due to the answers are straightforward

and do not need reasoning or summarization. For the complex tasks, even they pay a long time

on answer search, they still feel less confident to the answers because the participants may lose

during they try to summarize and reason the right answers through many web pages.
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Figure 4.23: The Trend of the Difference of Answer Confidence with Increasing Task Complexity

Fig. 4.23 indicates that, with the complexity of tasks increasing, the difference of answer

confidence of Google + DeveloperBot group shows a clear increasing trend except for task 3.

The confidence values of task 3 of the only Google group and Google + DeveloperBot group

are close (4.42 and 4.5, respectively). According to the observation of the screen recording and

results of open discussion, this is because there is a web page that lists some direct answers

of task 3, and each answer has corresponding text explanation. The answer confidence of only

Google group increases by reading this text explanation. But this is at the cost of increasing the

time used on task 3 compared with using Google + DeveloperBot group as shown in Fig. 4.24.

These prove that DeveloperBot, as a search engine assistant, can improve the answer confidence

by the provided explanation.
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Figure 4.24: Answers Search Time for Each Task

Fig.4.24 is the result of answers search time (the time from the participants start to read the

task to they finish the task.) of the user study. It shows that, in addition to task 3 which can find a

webpage containing direct answers and corresponding text explanations, the answers search time

of the Google group increases significantly with the complexity of the tasks increasing. For the

Google group, the average answer search time is 405s. But with the assistant of DeveloperBot,

the average answer search time of the Google + DeveloperBot group in task 5 is 258s.
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Figure 4.25: The Trend of the Difference of Answer Search Time with Increasing Task Com-
plexity

Fig.4.25 shows a significant trend that with the assist of DeveloperBot, the participants

can save more time in higher complexity answer search tasks. The group using Google +
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DeveloperBot can save 48.5s on average for each answer search task. For task 5, the time saving

even can reaches 147s. These show that using DeveloperBot as search engine assistant can

significantly reduce the participants’ answer search time especially for the complex answer

search tasks which take a long time to solve with only Google. The open discussion also reflects

consistent results for the above conclusion. The special performance of Google group at task 3

also illustrates that direct answers and the explanation(even text) can significantly reduce the

search time and improve the answer confidence at the same time.

4.4.4.4 Result: comments to explanations and behaviour changes (RQ4)

We will evaluate the explanation and answer the RQ4 from three ways: first is the quantitative

scoring (0-5) of participants in the questionnaires, second is the information obtained from open

discussions, and the third is our observation of screen recording.
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Figure 4.26: Quantitative Scoring of the Explanations

The results of the quantitative scoring of explanation are shown in radar graph Fig. 4.26, and

the detailed description is provided in Tab. 4.8. Two schemes are used in DeveloperBot as the

explanation of direct answers. One is the reasoning subgraph which indicates the reasoning paths

from query to direct answers, another is the confidence of current direct answer. Some criteria

define the quality of explanation and functions an explanation needs to fulfill [35]. Referring to
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these criteria and functions, five indexes are adopted in this experiment to evaluate to quality

of the explanation. They are Readable (R), Understandable (Ud), Answer Convincing (AC),

Wrong Answer Identification (WAI) and Search Keywords Forming (SKF) Where Readable

and Understandable mean the explanation is legible, easy to read and understand. Answer

Convincing means this explanation can make the direct answer more convincing. Wrong

Answer Identification is the index that evaluates if the explanation can help identify the wrong

answer. Search Keywords Forming shows the capacity of the explanation to help form better

search keyword.

Table 4.8: Detailed Description of the Quantitative Scoring of the Explanations
No. Explanation R Ud AC WAI SKF

1 Reasoning Subgraph 4.38 4.38 4.71 4.13 4.33
2 Confidence 4.17 4.17 4.17 3.79 3.71

As shown in Fig. 4.26 and Tab. 4.8, the overall scores of reasoning subgraph reach 4.13-4.71.

Compared with the other four indexes, the Answer Convincing achieves the highest score 4.71.

The ranking of indexes of Readable and Understandable are second and third, with average

values of 4.38. Even the Wrong Answer Identification achieves the lowest score, 4.13 is still

a high score. The results demonstrate that the reasoning subgraph is a very reasonable and

high-quality explanation of direct answer and meet the desired design goals.

In addition, the Fig. 4.26 and Tab. 4.8 also shows the overall scores of using confidence

as a explanation. Compared with the reasoning subgraph, the overall scores of confidence are

relatively lower than reasoning subgraph (3.71-4.17). The indexes Readable, Understandable and

Answer Convincing achieve highest score 4.17. The scores of Wrong Answer Identification and

Search Keywords Forming is 3.79 and 3.71, respectively. Even the overall scores of confidence

are lower that reasoning subgraph, especially the WAI and SKF. But the result of the indexes R,

Ud and AC still can show that it is a good explanation for the direct answer.

The explanations provided by DeveloperBot show the reasoning process and the confidence

of the answers to the participants, which significantly improve their confidence in the answers

provided by DeveloperBot. Sometimes, this explanation can even help the participants rule out

incorrect answers caused by inaccurate information needs description.
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4.5 Summary

The developers have a need for complex information search that provide specific direct answers.

The current search engines are weak at the reasoning capacity for complex closed-end questions.

In order to solve this issue, in this chapter, a tool called DeveloperBot including a series of

implementations of the modules of XBot framework was presented. DeveloperBot can be used

as a search engine assistant to assist the answer search of the complex closed-end questions.

It is customized by loading the knowledge graph of the software engineering domain into the

knowledge base of the XBot framework.

Quantitative evaluation and a user study were conducted to evaluate the performance of

DeveloperBot. The result of quantitative evaluation shows that, with topological structure,

predicate similarity and other novel features of the subgraph, the Bayesian decision theory and

DNN algorithm can extract the correct answers from the candidate answers with high accuracy

and low confidences MSE. The participants of the user study express that DeveloperBot has

the capacity to model and reason complex problems. They think that DeveloperBot is a good

supplement to the search engine. The experimental data also shows similar results: compared

with just using Google, with the assist of DeveloperBot, users can find answers faster and

with more accuracy. In addition, using the reasoning subgraph and answer confidence as the

explanation of the direct answers can significantly improve the developers’ trust and adoption

to the answers. These explanations also assist the developers to understand the answers more

deeply, improve the answer accuracy and form better search keywords. Furthermore, the more

complex the question is, the more effective the DeveloperBot can achieve.
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Chapter 5

HDSKG: Mining Domain-specific
Knowledge Graph From Unstructured
Text Resources (BotLearning)

In the previous chapters, a brain-inspired cognitive framework of Q&A process named XBot

and a tool called DeveloperBot including a series of implementations of the modules of XBot

framework were presented. In this chapter1, an implementation of the BotLearning algorithms

of XBot called HDSKG will be presented.

The knowledge graph is useful for many different domains like search result ranking,

recommendation, exploratory search, etc. It integrates structural information of concepts across

multiple information sources, and links these concepts together. The extraction of domain-

specific relation triples (subject, verb phrase, object) is an important technique for domain-

specific knowledge graph construction. In this chapter, an automatic method named HDSKG

is proposed to discover domain-specific concepts and their relation triples from the content of

webpages. We incorporate a dependency parser with a rule-based method to chunk the relations

triples candidates, then we extract advanced features of these candidate relation triples to estimate

the domain relevance by a machine learning algorithm. For the evaluation of our method, we

apply HDSKG to Stack Overflow (a Q&A website about computer programming). As a result, a

knowledge graph of the software engineering domain is constructed. The experimental results

show that both the precision and recall of HDSKG achieve new state-of-the-art. The performance

is particularly efficient in the case of complex sentences. Furthermore, with the self-training
1The work in this chapter has been published in [ 2017 IEEE 24th International Conference on Software

Analysis, Evolution and Reengineering (SANER). (pp. 56-67), IEEE]
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technique we used in the classifier, HDSKG can be applied to other domain easily with less

training data.

The rest of this chapter is organized as follows: In the Section 5.1, we introduce the

background and motivation. In the Section 5.2, we first introduce the architecture of HDSKG

in Section 5.2.1. Next, we show the data pre-processing in the Section 5.2.2 and Section 5.2.3.

Then, we introduce how to extract candidate relation triples by HDSKG Chunking module in the

Section 5.2.4. The domain estimation algorithm called HDSKG Domain Relevance Estimation

is shown in the Section 5.2.5. We evaluate the performance of HDSKG in the Section 5.3.

5.1 Background and Motivation

Recently, the trends and development of information retrieval and mining have transferred

from the document-centric to the entity-centric [136]. So knowledge graph which integrates

the structural information of concepts across multiple information sources, and links these

concepts together [160] is useful for many different domains, such as search result ranking,

recommendation, exploratory search, etc [80, 92, 88, 94]. The webpages such as Wikipedia,

Quora are potential repositories for building up knowledge graph. Thus, automatic knowledge

graph construction techniques for the content of webpages become a wide research topic. [92,

161, 162].

Open information extraction refers to the extraction of relation triples without specifying

the fixed relation schema, typically the relation is a triples with (subject, verb phrase, object)

structure [163, 164] (Subjects and objects are collectively called concepts). The relation triples

are one of the important components of the knowledge graph [165]. There are many researches

on open information extraction including NELL [47], OpenIE [48], and Google [49]. These

existing open information extraction methods fall short of the precision and completeness of the

textual knowledge extraction. And can not extract the knowledge graph of the specified domain

from the text materials as well. As a result, the scale of the extracted knowledge graph is very

large and contains a lot of redundant information.

Knowledge Graph is also popularly used in software engineering domain [166, 167, 94, 95]

to solve various problems such as software requirements analysis and design [168], coding

support, documentation [94], maintenance and testing [169]. But there are few studies focus on
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structural knowledge-base construction in software engineering domain. Large scale knowledge-

base construction (KBC) in other domains were studied intensely over the last decade [170,

171, 47, 172, 173, 174, 175]. Such as relational database which allows users to semantically

query relationships and properties of natural language resources, including links to other related

datasets [161]. It can be used to straightforward search engine algorithms or other search

operations and improve the accuracy of information retrieval. Even though some research works

are focusing on ontology construction in software engineering domain [176, 122]. They only

use the domain key words as the concepts and explore the taxonomic relations of the key words.

However, there are still many domain concepts indicating richer semantic and more useful

relations between the concepts needed to be mined.

Stack Overflow is the most popular Q&A website about computer programming [177, 122],

every question requires the asker to give 1-5 tags. The tag wiki is the content used to describe

the definition and some related resource of every tag in Stack Overflow. Such a knowledge

repository contains a huge number of sentences with affluent concepts and concepts relations

descriptions of software engineer domain. These relations are essential for the construction

of software engineer domain knowledge graph. There are a substantial amount of works that

explore the knowledge of tag wiki [136, 178], but none of them focuses on the extraction of the

relation triples.

In this chapter, an automatic method named HDSKG (Harvesting domain-specific Knowl-

edge Graph) is proposed to discover domain-specific concepts and their relation triples from the

domain-specific webpages. We incorporate a dependency parser with a rule-based method to

chunk the relations triples candidates, then it extracts novel features of those triples to estimate

domain relevance by self-training SVM (Support Vector Machine) classifier.

For the evaluation, a case study is conducted to extract the knowledge graph from Stack

Overflow. Our experimental results show that both the precision and recall of HDSKG (78%

and 70%, respectively) is much higher than the openIE (11% and 60%, respectively) – the

state-of-the-art tool for relation triples extraction. Furthermore, self-training SVM classifier

makes HDSKG easy to be applied to other domains with less training data.

This chapter makes following three major contributions:

• A novel algorithm called HDSKG is proposed which is an implementation of the BotLearn-

ing algorithms of XBot. It extracts the dependencies of the NP (Noun Phrases) and
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VP (Verb Phrases) from sentences to generate relation triples. It explicitly incorporates

the advantages of both dependency parser and rule-based chunking and improves the

efficiency of relation triples extraction.

• The features are further extracted from the relation triples, then HDSKG leverages a

self-training SVM classifier and domain lexicon to estimate the domain relevance of the

relation triples with a small number of training data. This remarkably reduces the number

of redundant relation triples and improves the extracted precision.

• HDSKG is applied to Stack Overflow tag wiki, and harvests a knowledge graph of software

engineering domain with 44800 concepts, 9660 unique verb phrase and 35279 relation

triples, and it is available online 1.

5.2 The Approach

In this section, we describe the approach of HDSKG to show how HDSKG harvest domain-

specific knowledge graph from content of webpages. In particular, we present how HDSKG

works on natural language texts sources to extract relation triples of domain-specific knowledge

graph.

5.2.1 Architecture of HDSKG

Fig. 5.1 is the framework of HDSKG. The input of HDSKG is the natural language text materials

from content of webpages (e.g., healthcare webpages, computer programming webpages, etc.).

The output of HDSKG is the knowledge graph of target domain .

The HDSKG contains two main parts as shown in Fig. 5.1 named HDSKG Chunking and

HDSKG Domain Relevance Estimation. HDSKG Chunking incorporates the rule-based method

with dependency parser to chunk candidate relation triples. This part comprises five main steps,

namely pre-process text, split sentences, add NLP (Natural Language Processing) markup, chunk

NP and VP, and chunk relation triples. The second part is used to estimate domain relevance of

the candidate relation triples, which comprises two main components, namely extract features

1http://neo4j.tuntunkun.org/xuejiao/
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Figure 5.1: The Framework of HDSKG

of candidate relation triples, estimate domain relevance of each relation triples by self-training

SVM classifier 1.

5.2.2 Pre-process Text

In this step, we extract all the text content from the html files of webpages and filter some useless

information which do not contain concepts and relations like hyperlink lists, code snippets, etc.

Then we split the text content into sentences.

After that, we enrich the sentences by two steps:

• Recording the source information for every sentence, e.g., the title of the source webpage

from which the sentence are extracted, and the sequence of sentence in the source webpage.

• Making the sentences readable without the context: replacing the pronouns at beginning

of the sentences (e.g., it, she, he) with the title of source webpage [163].

1Actually, the self-training model can choose any classifier. The SVM is chosen just because it performs best in
the experiment.
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Take the sentence “It is written in C++, and is ultimately derived from the Borland InterBase

6.0 source code.” for example. It is the third sentence in the tag wiki of Firebird, so we record

the title of the source webpage – Firebird and the sentence sequence – three. Then we replace

the “it” to “Firebird”, so the sentence become “Firebird-3, Firebird is written in C++, and is

ultimately derived from the Borland InterBase 6.0 source code.”

5.2.3 Add NLP Markup

NLP markup is widely used for natural language pre-processing and semantic analysis [137,

138, 139]. The NLP markup component in HDSKG system adopts the tool named coreNLP of

Stanford for Tokenization, POS (Part of Speech) Tagging, Dependency Parsing and Lemma-

tization [132, 133, 134, 135]. Tokenization is used to break the text into words, phrases, or

symbols.

The POS is the category of words (or, more generally, of lexical items) which has similar

grammatical properties. e.g., NNP:Proper noun, singular, VBZ:Verb, third person singular

present, RB:Adverb. Fig. 5.2 shows the POS tagging result of definition sentence of Firebird

generated by coreNLP.

Please enter your text here:

Firebird is written in C++, and is ultimately derived from the Borland InterBase 6.0 source code

Part­of­Speech:

Firebird  is  written in C++ , and  is  ultimately derived from the Borland InterBase 6.0 source code
NNP VBZ VBN IN NNP , CC VBZ RB VBN IN DT NNP NNP CD NN NN

1

Named Entity Recognition:

Firebird is written in C++ , and is ultimately derived from the  Borland  InterBase 6.0 source code
ORGANIZATION 6.0

1

Basic Dependencies:

Firebird  is  written in  C++ , and  is  ultimately  derived from the Borland InterBase 6.0  source code
NNP VBZ VBN IN NNP , CC VBZ RB VBN IN DT NNP NNP CD NN NNcase nummodauxpass advmod

nmodnsubjpass
punct

compound

cc

auxpass
compound

det
caseconj

nmod
punct

1

Enhanced++ Dependencies:

Firebird  is  written in  C++ , and  is  ultimately  derived from the Borland InterBase 6.0  source code
NNP VBZ VBN IN NNP , CC VBZ RB VBN IN DT NNP NNP CD NN NNcaseauxpass nummodadvmod

nmod:innsubjpass
punct

compound

cc

auxpass
compound

det
caseconj:and

nmod:from
punct

nsubjpass

1

Open IE:

Firebird  is written in  C++ , and  is ultimately derived from the Borland InterBase 6.0 source code
Entity Entity

Relation
Relation

Entity Entity EntityRelation
Relation

Entitysubject
object object object

subject object
object

subject
subject

1

CoreNLP Tools:

Enter a TokensRegex (http://nlp.stanford.edu/software/tokensregex.shtml) expression to run against the above sentence:

Visualisation provided using the brat visualisation/annotation software (http://brat.nlplab.org/).

parts­of­speech named entities dependency parse openie

Submit

TokensRegex Semgrex

Matche.g., (?$foxtype [{pos:JJ}]+ ) fox

Figure 5.2: POS tagging results of the definition sentence of the Firebird

The goal of lemmatization is to reduce inflectional forms and derivational related forms of a

word to a common base form.

5.2.4 Chunk Candidate Relations Triples

There are two times chunking to get the candidate relation triples. Firstly, HDSKG Chunking

chunks the tokens in the sentence to NP and VP according to the POS, then utilizes the

dependency of the tokens to chunk the VP and NP to relation triples.

5.2.4.1 Chunk NP and VP by Rule-Based Chunking

In this step, we adapt a fulltext parsing techniques called “rule-based chunking” to extract NP

and VP [142, 143].
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Table 5.1: Regular Expression of Different Chunks
Name Regular Expression

VVP
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(TO*)+(VB)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*)+(VBG)+

VP

(MD)*(VB.*)+(CD)*(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*|TO*)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)?(DT)?(IN*|TO*)+
(MD)*(VB.*)+(JJ)*(RB)*(JJ)*(VB.*)+
(MD)*(VB.*)+

NP
(CD)*(DT)?(CD)*(JJ)*(CD)*(VBD|VBG)*(NN.*)*-
(POS)*(CD)*(VBD|VBG)*(NN.*)*-
(VBD|VBG)*(NN.*)*(POS)*(CD)*(NN.*)+

In our system, the NP and VP are identified by the regular expressions as shown in Tab. 5.1.

Where (MD) is modal; (VB.) stands for different categories of verb such as VB - verb base

form, VBG - verb gerund or present participle, VBN - verb past participle, VBP - verb non-3rd

person singular present, VBZ - verb 3rd person singular present. (NN.*) stands for different

categories of noun such as NN - singular or mass noun, NNS - plural noun, NNP - singular

proper noun, NNPS - plural proper noun. (JJ) represents an adjective; (RB) is adverb; (DT)

presents an article; and (IN*) means any preposition or subordinating conjunction. The “VVP”

is the VP with open clausal complement.

In the regular expressions, “?” stands for whether or not there is such a determinant; “*”

means zero or more determinant; “+” means must have such a determinant; “-” means continue

to next row.

Using the rule-based chunking, we chunk the tokens of sentence to VP and NP. For example,

the sentence “PyTables is built on top of the HDF5 library, using the Python language and the

NumPy package.”, we chunk VP “is built on” and “using”; NP “PyTables”, “HDF5 library”,

“Python language”, and “NumPy package” as shown in Fig. 5.3.

S

NP VP NP of IN NP

PyTables NNS built VBNis VBZ on IN top NN the DT HDFS NNP library NN

‘ ‘ VP

using VBG

NP

the DT Python NNP Language NN

and CC NP

the DT NumPy NNP package NN

. .

Figure 5.3: Result of NP and VP Chunking
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5.2.4.2 Dependency Parsing

Dependency Parsing extracts the grammatical structure of the sentence, then derive relationships

between “head” words (also known as Governor) and words which modify the heads (also

known as dependent). Fig. 5.4 shows a directed graph representation of the dependencies for

the sentence: “PyTables is built on top of the HDF5 library, using the Python language and the

NumPy package.”. The nodes of Fig. 5.4 are the words of the sentence, and the edges in Fig. 5.4

are grammatical relations.

PyTables

Numpy package

language
conj:and

HDFS library

Python

using

dobj

dobj

compound

compound

builtnsubjpass

mod: on top of xcomp

compound

Figure 5.4: Graphical representation of the Dependencies for the sentence: “PyTables is built on
top of the HDF5 library, using the Python language and the NumPy package.”

Tab. 5.2 presents some important dependencies of sentence “PyTables is built on top of the

HDF5 library, using the Python language and the NumPy package.” used in our system.

Table 5.2: Dependencies Description for sentence: “PyTables is built on top of the HDF5 library,
using the Python language and the NumPy package.”

Dependency Dependent Governor
Semantic relationship between the
words depicted by denpendency

nsubjpass PyTables-1 built-3 “PyTables-1” is passive nominal subject of “built-3”
auxpass is-2 built-3 “is-2” is passive auxiliary of built-3

det the-7 library-9 “the-7” is determiner of “library-9”
nmod library-9 built-3 “built-3” is nominal modifiers of “library-9”
xcomp using-11 built-3 “using-11” is open clausal complement of “built-3”

dobj
language-14
package-18 using-11

“language-14” and
“package-18” is direct object of “using-11”

As Tab. 5.2 shows, “nsubjpass” is a NP and the syntactic subject of a passive clause [140].

For our illustrative sentence, nsubjpass(PyTables-1, built-3) means that “PyTables-1” is the

syntactic subject of the verb “built-3”.
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The “nmod” used between two content words, as the preposition of one content word is now

viewed as a case depending on its complement. In general, the “nmod” indicates some further

adjunct relation specified by the case [141]. The nmod (library-9, built-3) means that “built-3”

is nominal modifiers of “library-9”. The “library-9” expresses further “on top of” relation to

“built-3”. Notice that some times there will appear a preposition after “nmod” like “nmod:at”.

This “at” means the complement use the preposition “at” to modify the Dependent.

The “xcomp” means open clausal complement of a verb or an adjective. These complements

are always non-finite rather than adjuncts/modifiers. It is a predicative or clausal complement

without its own subject. So the “xcomp” always expresses a new meaning or new relation. The

xcomp (using-11, built-3) means that “using-11” is open clausal complement of “built-3”.

The “dobj” is the direct object of a VP, and is also a NP which is the accusative object of the

verb.

5.2.4.3 Chunk Relation Triples

After the VP and NP chunking, we can chunk semantic relation like (concept, relation verb

phrase, concept). Traditional rule-based chunking [179, 180] detects the chunk with morpholog-

ical structure like (NP, VP, NP). This method not only misses many information, but also adds

noise to the relation triples. For example, from sentence “Firebird is written in C++, and is

ultimately derived from the Borland InterBase 6.0 source code.”, traditional rule-based chunking

can only extract relation triples (Firebird; is_written_in; C++). From sentence Eclipse on your

system can be used as a Java editor and a C++ editor, relation triples (system; can_be_used_as;

Java_editor) are extracted by traditional rule-based chunking using the morphological structure

(NP, VP, NP). However, it is semantically wrong.

To tackle the above problems, we propose a method which incorporates a dependency parser

with a rule-based chunking. By analyzing the dependency generated by the dependency parse

technique, the real subject of the verb in a complex sentence is determined. We assuming having

a sentence S. Firstly we use the rule-based chunking to get all the VP and NP as below:

S = (NP1, NP2, ..., NPi, ..., NPm, V P1, V P2, ..., V Pj , ..., V Pn), (5.1)

where NPi is the ith NP in S, V Pj is the jth V P in S, there are m NP and n VP in S.

NPj = (nj1, nj2, ..., njr, ..., njq), (5.2)
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V Pi = (vi1, vi2, ..., vik, ..., vip), (5.3)

where njr is the rth term of NPj , vik is the kth term of V Pi, we assume that NPj contains q

terms and V Pi contains p terms.

Secondly we use dependency parsing to get the dependency of all terms v and n. Due to the

dynamic of natural language, there are too many different expressions for the same meaning.

After we analyzing the dataset deeply, we propose six scenarios for HDSKG Chunking to chunk

the candidate relation triples from the sentences.

Scenario 1: If we extract the nsubjpass (n12, v13), dobj(v13, n22) from S by dependency

parsing, we can chunk (NP1, V P1, NP2) as a relation triples. For example, in the sentence

“OpenRPT provides WYSIWYG editor”, the “openRPT” isNP1 and n11 , the “WYSIWYG editor”

is NP2 and “editor” is n22, the “provides” is V P1 and v11. From dependency parsing we get

nsubjpass (openRPT-1, provides-2) and dobj (provides-2, editor-4), so we can chunk relation

triples (OpenRPT; provides; WYSIWYG_editor).

Scenario 2: If we extract the dependency like nsubjpass (n11, v12), nmod (v12, n23) in

sentence “HSQLDB is supported by many Java frameworks.”, where n11 is “HSQLDB”, v12

is “supported”, n23 is “frameworks”. We should chunk relation triples (HSQLDB; is supported

by; many_Java_frameworks). Here we assume adjective “many” can not be ignored like DT

(article), because “many Java frameworks” is not equal to “all Java frameworks”.

Scenario 3: In some cases, for example “webkit is developed by Intel at the Intel Technology

Center.”, we get dependency like nsubjpass (webkit-1, developed-3), nmod:agent (developed-3,

Intel-5) and nmod: at (developed-3, Center-10). Here we chunk two relation triples (webkit;

is_developed_by; Intel) and (webkit; is_developed_at; Intel_Technology_Center). Notice that

with the preposition of dependency “nmod:at”, the preposition of V P1 “is_developed_by” can

be changed to “at” while chunking the second relation triples.

Scenario 4: If there is an “and” between two NPs, we will chunk 2 relation triples with

different subjects or objects. For example, from sentence “flashcanvas renders shapes and

images.”, we will chunk relation triples as:

• (flashcanvas; renders; shapes)

• (flashcanvas; renders; images)
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Scenario 5: If there is a dependency “xcomp” extracted from S, we will give an addition-

al dependency “nsubjpass” to the dependencies of the sentence. For example, the sentence

“PyTables is built on top of the HDF5 library, using the Python language and the NumPy pack-

age.” as shown in Section 5.2.4.2, we extract two dependencies – xcomp(using-11, built-3)

and nsubjpass(PyTables-1, built-3) from this sentence, we will add an additional dependency

nsubjpass(PyTables-1, using-11) to this sentence. It because that as a open clausal complement

of a verb or an adjective, the “xcomp” always expresses a new meaning or new relation. Thereby

we can chunk relation triples as:

• (PyTables; is_built_on_top_of; HDF5_library)

• (PyTables; using; Python_language)

• (PyTables; using; NumPy_package)

Scenario 6: If S contains VVP as mentioned in Section 5.2.4.1, we do not chunk two

relation triples like Scenarios 5 even there is a “xcomp” extracted from S. This is because the

two verbs of VVP share the same object. Instead, we chunk only one relation triples and leave

the two verbs together in VVP as the relation verb of the relation triples. For example “Joone is

used to build neural networks.”, we will chunk relation triples as:

• (Joone; is_used_to_build; neural_networks)

By the above method, from “Firebird is written in C++, and is ultimately derived from the

Borland InterBase 6.0 source code.”, we can get dependency nsubjpass(Firebird-1, derived-10),

so we will chunk relation triples as:

• (Firebird; is_ultimately_derived_from;

Borland_InterBase_6.0_source_code)

• (Firebird; is_written_in; C++)

From sentence “Eclipse on your system can be used as a Java editor.” we can get nsubjpass(Eclipse-

1, used-7). Thus we can chunk relation triples as:

• (Eclipse; can_be_used_as; Java_editor)

• (Eclipse; can_be_used_as; C++_editor)
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5.2.5 Domain Relevance Estimation of Candidate Relations Triples

From HDSKG Chunking we present in Section 5.2.4, we harvest many candidate relation

triples (subject, verb phrase, object). But some of the relation triples are not related to our

target domain. For example, the relation triples (Values; may be enclosed in; quotes), this is

a correct chunking but meaningless for the software engineering domain. In this section, we

use a machine learning method with advanced features to estimate the domain relevance of the

candidate relation triples generated by HDSKG Chunking.

5.2.5.1 Feature Engineering

There are many properties beyond simple term statistics which can be extracted from the

candidate relation triples to estimate their domain relevance. We use the features list in Tab. 5.3

to represent each candidate relation triples.

For the complex features we provide a brief description below.

Text Features: This feature type regards the basic text properties of the cr (candidate

relation triples) at the term level. The POS fraction features capture the distribution of POS tags

in the cr and uses following definition:

• noun : the tokens which POS tags are NN, NNS, NNP, or NNPS.

• verb : the tokens which POS tags are VB, VBD, VBG, VBN, VBP, or VBZ.

• adj : the tokens which POS tags are JJ, JJR, or JJS.

Corpus Features: These features present the statistic relation between current cr and

whole cr corpus. If the cr is extracted from source webpages many times, this cr appear to

be relevant to target domain with higher potential. The confsubj denotes the percentage of the

occurrence of object when subject occurs, the confobj denotes the percentage of the occurrence

of subject when object occurs. And the support indicates the percentage that subject and object

occur simultaneously in the corpus. These association rule features present relation between

the subject and object. If these two concepts can be found frequently from stm (source text

material) simultaneously, the relation triples of these two concepts are high potential relevant to

target domain.
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Table 5.3: The Features for Candidate Triples Classification
# Name Gloss

Text features

1
2-5
6-9

10-13
14-17

#terms_cr
POS fractions_subj
POS fractions_obj
POS fractions_vp
POS fractions_cr

Number of,terms of cr (candidate relation triples)
Fraction of verbs, nouns, adjectives, others,of subject
Fraction of verbs, nouns, adjectives, others,of object
Fraction of verbs, nouns, adjectives, others,of verb phrase
Fraction of verbs, nouns, adjectives, others,of cr

Corpus features

18
19
20
21
22
23
24

#mention_subj
#mention_obj
#mention_vp
#mention_cr
suport_subj_obj
conf_subj
conf_obj

Number of subject mentioned in whole cr corpus
Number of object mentioned in whole cr,corpus
Number of verb phrase mentioned in whole cr corpus
Number of cr mentioned in whole cr corpus
The proportion that subject and object occur simultaneously
The proportion of the occurrence of object
The proportion of the occurrence of subject

Concept features

25
26
27
28
29
30
31

subj_tfidf,
obj_tfidf
sum_tfidf
average_tfidf
%domain_keyword_subj
%domain_keyword_obj
%domain_keyword_subj_obj

TF-IDF of subject in tag wiki,in whole text materials
TF-IDF of object in tag wiki,in whole text materials
Sum of TF-IDF of subject and object in whole text materials
Average TF-IDF of subject,and object in whole text materials
The proportion,of number of domain keywords in subject
The proportion of number of domain keywords in object
The proportion of domain keywords in subject and object

Source features

32
33
34
35
36
37

ss_position
cr_position
From_subj_obj_stm
#terms_ss
start_index_cr
end_index_cr

Position of ss (source sentence) in stm (source text material)
Position of cr in ss
If this cr extract from stm
Number of terms in ss which cr extracted from
Start index of the first term of cr in ss
End index of the first term of cr in ss

Concept Features: These features regard the quality of the concepts. TF-IDF is a numerical

statistic approach which can determine the words relevance in a corpus of documents [181, 182].

TF (Term Frequency) means the raw frequency of a term in a document. IDF (Inverse document

frequency) is the logarithmically scaled inverse fraction of the documents that contain the word,

obtained by dividing the total number of documents by the number of documents containing

the term, and then taking the logarithm of that quotient. Here is the formula for unnormalized

weight of termi in documentj in a corpus of D (documents):
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TF − IDFweighti,j = frequencyi,j ∗ log2(D/documentfreqi), (5.4)

Thus the features subj_tfidf , obj_tfidf , sum_tfidf and average_tfidf can indicate the

domain relevance of subjects and objects. If most of the terms in a subject are very general

like “values”, “process”, etc., the value of the subj_tfidf will be very low. Otherwise if the

subject contains unique and distinctive terms like “c++ library”, “MySQL relational database”,

the subj_tfidf value will be high.

We also prepare the domain lexicon which contains the specialized vocabularies of the target

domain for estimating the domain relevance of the candidate relation triples. So the candidate

relation triples which contain more specialized vocabularies of the target domain show higher

domain relevance [183].

Source Features: Here, we refer to features of the cr depended on the stm (source text

material) and ss (source sentence) [184]. For the crposition and ssposition, these two features

mean that the cr extracted from the front part of the stm and the front part of the ss is high

relevance to target domain. The position refer to the sequence of a cr in the stm or the ss. On

the other hand, if a cr is extracted from the webpage in which the topic contains the terms of

concepts, it shows high domain relevance. For the long sentence, cr_position, start_indexcr
and end_indexcr indicate that the cr extracted from the front part of a long ss shows high

domain relevance.

5.2.5.2 Label Data

We design the estimation of domain relevance as a binary-class classification problem to solve.

The supervised learning of classification requires the labeled data for training. We manually

mark candidate relation triples by domain experts as training data to boost the learning process.

Tab. 5.4 shows a example about how to label the positive and negative relation triples.

5.2.5.3 Semi-Supervised SVM Classifier Learning

The workload while using a system to a new domain determines the applicability and the

portability of a system. However, labeling new training data is very labor consuming. To reduce

the labor force and improve the prediction accuracy, we select the best single classifer – SVM

classifer with a self learning structure to do the classification [122]. In the first iteration, we
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Table 5.4: Example of Relation Triples Label
Candidate Relation Triples Label

(Java; supports; features) False

(row; is_represented_as; list) False

(Values; may_be_enclosed_in; quotes) False

(Java; was_originally_developed_by; James_Gosling) True

(Java; was_originally_developed_at; Sun_Microsystems) True

(Eclipse; is; open-source_ide_platform) True

use the expert labeled relation triples as the training data and get a trained SVM classifier.

Then, we input the unlabel relation triples to the trained SVM classifier and get the labels (or

classes) of them. The classifier not only classify the relation triples, but also provide a confidence

level to every classified relation triples to show the probability of current classification. From

the second iteration, self-training enrich training data with the labeled relation triples which

confidence > 0.9 or confidence < 0.1 to train a new classifier for the next iteration. The

iteration will terminate if the difference of accuracy lower than a threshold or achieved the

preseted iteration time. Then we use the trained SVM classifier at the end of the iterations to

classify all the unlabeled relation triples, and use the relation triples in the positive classes to

construct the knowledge graph of target domain.

5.3 Experiment

In this section, a case study is proposed to illustrate the HDSKG system process for acquiring

the domain-specific relation triples and constructing a knowledge graph. Tag wiki of Stack

Overflow1 is used to extract the knowledge graph and some tag wiki documents are chose to

evaluate our system.

1https://stackoverflow.com/tags

93



CHAPTER 5. HDSKG: MINING DOMAIN-SPECIFIC KNOWLEDGE GRAPH FROM UNSTRUCTURED TEXT
RESOURCES (BotLearning)

5.3.1 Experiment Setup
5.3.1.1 Data Acquisition

We download the data dump of Stack Overflow until Mar, 2015 from Stack Overflow official

data dump1.

Source Text Materials Acquisition: When asking questions on Stack Overflow, the users

will be asked to put 1-5 tags as a short description of this question, so that the Stack Overflow can

easy to classify the questions. Tag is a technical term (e.g., windows, graph database, javascript,

etc.) involving a wide range of content from the operating system, programming languages,

libraries, to specific APIs [136]. The tag wiki is a general introduction and definition of a tag. A

sample tag wiki of tag “Firebird” 2 is shown in Fig. 5.5.

STACK OVERFLOW

Questions
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Developer Jobs Directory
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Help

Mobile

Disable Responsiveness

PRODUCTS

Teams

Talent
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About
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Contact Us

Blog Facebook Twitter LinkedIn

site design / logo © 2019 Stack Exchange Inc; user contributions
licensed under cc by-sa 4.0 with attribution required.
rev 2019.10.10.35163
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Tag Info

Firebird is a free and open-source, cross-platform, client-
server SQL relational database management system,
running on Linux, Unix, and Windows. Please mention
your exact Firebird version when asking questions.

Firebird (Wikipedia) is an open-source SQL relational
database management system (RDBMS) using the client-
server model. It is cross-platform, running on Linux, Unix,
and Windows.

It is written in C++, and is ultimately derived from the
Borland InterBase 6.0 source code. Firebird is open-
source, released under a non-copyleft MPL-like license. It
is totally libre and free, for both open-source and
commercial applications, but of course you can contribute
back with code and donations to the Firebird Foundation.

Firebird and its predecessors have been in use for more
than 30 years, which makes it a very mature and stable
product.

Resources
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Firebird 3.0 Developer's Guide
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Useful links

firebirdfaq.org
Firebird News
Relaxed configuration files - stock ones are derived from
ancient days and are optimized for least possible system
resources usage instead of consuming all provided
resources on a dedicated server. Some of the changes
are explained in this article.

history   excerpt history

Mark Rotteveel
66.5k 14 88 127

ain
20.3k 3 40 64

Andrej Kirejeŭ
4,426 2 21 29

Hugues Van Landeghem
6,435 3 26 54

Arioch 'The
13.5k 21 52

Stats

created 11 years, 2 months ago by
Mario Marinato

viewed 432 times

active 1 year, 7 months ago

editors 7

Top Answerers

more »

Recent Hot Answers

Firebird Jaybird 2.2.10 / ColdFusion 2018 - String
Length Bug 

SQL check whether current date is monday 

How to execute multiples procedures from nodejs
and node-firebird? 

Firebird - Calculate time difference between two
rows 

IBExpert insert into with column value given by
variable 

more »

Related Tags

sql  × 1000

firebird2.5  × 396

delphi  × 342

c#  × 313

database  × 252

php  × 165

java  × 122

jaybird  × 114

stored-procedures  × 105

firebird-3.0  × 105

more related tags

STACK EXCHANGE
NETWORK

Technology

Life / Arts

Culture / Recreation

Science

Other

Home

PUBLIC

Stack Overflow

Tags

Users

Jobs

TEAMS What’s this?

First 10 Free

By using our site, you acknowledge that you have read and understand our Cookie Policy,
Privacy Policy, and our Terms of Service.

Stack Overflow
Products Customers Use cases [firebird] Log in Sign up

11/10/19 20'41
第 1 ⻚页（共 1 ⻚页）

Figure 5.5: Tag Wiki of Tag “firebird”

Stack Overflow is strict to create new tag3 and edit the tag wiki4. The community also pays a

lot of effort to maintain and organize the tag wikis. As a result, the tag wikis of Stack Overflow

tags have the advantages of accurate tag introduction, comprehensive technical coverage and

standard grammatical structure for constructing the knowledge graph of software engineering

domain.

In this chapter, the tag wiki of Stack Overflow provided in a html format is used as source

text materials to construct the knowledge graph. Some content which contain few relation triples

1https://archive.org/details/stackexchange
2http://stackoverflow.com/tags/firebird/info
3http://stackoverflow.com/help/privileges/create-tags
4https://stackoverflow.com/help/privileges/approve-tag-wiki-edits
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such as “frequent question”, “Useful links”, etc. are deleted. As a result, we acquire 20534

documents and split 97454 sentences from the documents.

Domain Lexicon: We use the tags of Stack Overflow as the domain lexicon. Finally,

27620 tags is acquired, these tags cover the popular programming languages(e.g., Java, Python,

PHP), frameworks(e.g., GWTP, Pallet, AnyEvent), libraries(e.g., OmniFaces, PHPPowerPoint),

tools(e.g., opengl, SubGit, MvcSiteMapProvider) and some frequently used terminology(e.g.,

cookies, ip) of software engineering domain.

Ground Truth of the Relation Triples: From the tag wiki of Stack Overflow, we choose

47 tag wikis by random as our evaluation materials. Four experts are asked to extract the relation

triples from the webpages of the 47 tag wikis. The four experts have the background in software

engineering and three of them have ever published knowledge graph or ontology construction

related papers. To ensure the precision, we give the hyperlinks to the experts rather than the pre-

processed documents. Only the relation triples which extract by at least 2 experts are involved

in our ground truth. Finally we get 96 relation triples from the webpages of tag wiki, but we

ignore 5 of them due to their source sentences from webpages are different from the source

sentences from data dump. We use the rest 91 relation triples as the ground truth to evaluate the

performance of HDSKG.

5.3.1.2 Involved Tools

The Stanford CoreNLP is used to do the NLP make up and dependency parse [154]. The

tf-idf library of Gensim is used to compute tf-idf [155]. The nltk is used to do the VP, NP

chunking [156]. neo4j is used to store the finally relation triples for supporting the knowledge

graph searching and result visualization [157].

5.3.2 Comparison Method openIE

We leverage the popular open information extraction tool - open IE of Stanford as the comparison

method [164, 48] as it is similar to HDSKG. On the other hand, openIE was the most state of

art tool for open information extraction and provided opensource code in 2016. Our research

work was almost the first work proposed the domain relevance estimation function for open

information knowledge graph construction. Therefore, we chose to compare with OpenIE when

we conducted this research work.
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But there are also some differences between our tool and openIE. First is the method to

extract relation triples from stm. openIE only focus on the extraction of relation triples, but

ignore the subject and object should be entities. For example, from sentence “Born in a small

town, she took the midnight train going anywhere.”, openIE will extract relation triples (she;

took; midnight_train). Here “she” is not an entity. HDSKG identifies the pronouns in a sentence

and replace by suitable nouns. If some pronouns can not be replaced, we will not extract the

corresponding relations, because the relation triples between the pronouns and the nouns are

useless to the knowledge graph. The other diffidence is that openIE only extract the relation

triples but can not estimate the domain reverence of them. So there are many redundancy relation

triples will be extracted by openIE.

5.3.3 Evaluation and Results Analysis
5.3.3.1 Classifier Comparison and Accuracy Evaluation of Iterations

1 2 3 4 5 6

DNN 0.644 0.722 0.725 0.736 0.746 0.751

Random Forest 0.707 0.709 0.707 0.705 0.712 0.714

SVM Linear 0.711 0.711 0.711 0.712 0.743 0.755

ExtraTrees 0.721 0.729 0.727 0.727 0.72 0.712
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Figure 5.6: Accuracy of Classifiers in each Iteration

We do 10-fold cross-validation to evaluation the accuracy in each iteration. The 1000 labeled

data (contain 467 positive data and 523 negative data) are separated in two parts, 900 of them

are used as training data and 100 of them are used as testing data. In every cross-validation, the

prediction confidences of every prediction data are recorded. After 10 times cross-validation,

only the prediction data which confidence > 0.9 or confidence < 0.1 in all the 10 times
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cross-validation are chose to append to training data for the next iteration. Three classifiers are

chose to do the comparison including DNN (Deep Neural Networks), Random Forest and SVM

Linear. Fig.5.6 is the accuracy of different classifiers in each iteration. It shows the performance

of the DNN is the most sensitive classifier to the number of training data, so if we can get large

number of training data, the best classifier should be DNN. SVM linear classifier achieves the

highest accuracy with the 6 times self-training iterations. The accuracy increase from 0.71 to

0.76, which better than random forest (estimators number = 500) and 4 layers DNN with the

hidden_units = [200, 400, 100, 50].

5.3.3.2 Features Contribution Analysis

For exploration the effect of different features set, we train 5 SVM classifiers using different

features groups. Each classifier only uses text features, corpus features, concept features, source

features and all features, respectively. As shown in Fig.5.7, the classifier with all features

performs best. From Fig.5.7 we also can infer that all these features we design are useful in

estimation the domain relevance of relation triples.

0 0.2 0.4 0.6 0.8

All Features

Source
Features

Concept
Features

Corpus
Features

Text
Features

Accuracy

Figure 5.7: Accuracy of Classifiers with Different Features

5.3.3.3 Performance Comparison

We further explore the performance of HDSKG. Tab. 5.5 shows the extractions of traditional

Rule Based Chunking, openIE, HDSKG Chunking and HDSKG Domain Relevance Estimation.
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Table 5.5: Relation Triples Extracted From Different Extraction Methods
hhhhhhhhhhhhhhhExtraction Method

Content of Sentence PyTables is built on top of the
HDF5 library, using the Python

language and the NumPy package.

Jansi is a small java library that
allows you to use ANSI escape

codes to format your console output
which works even on windows.

Rule Based Chunking Extraction (PyTables; is_built_on_top_of; HDF5_library)
(Jansi; is; small_java_library)

(ANSI; escape; codes)

openIE Extraction
(PyTables; using;,Python_language)

(PyTables; is; built)
(PyTables; is_built_on_top_of; HDF5_library)

(Jansi; is; small)
(ANSI; escape; codes)

HDSKG Chunking Extraction
(PyTables; using; Python_language)
(PyTables; using; NumPy_package)

(PyTables; is_built_on_top_of; HDF5_library)

(Jansi; is; small_java_library)
(ANSI; escape; codes)

HDSKG Domain Relevance Estimation Extraction
(PyTables; using; Python_language)
(PyTables; using; NumPy_package)

(PyTables; is_built_on_top_of; HDF5_library)
(Jansi; is; small_java_library)

Ground Truth
(PyTables; using; Python_language)
(PyTables; using; NumPy_package)

(PyTables; is_built_on_top_of; HDF5_library)
(Jansi; is; small_java_library)

This example indicates that compare with traditional Rule Based Chunking, HDSKG Chunk-

ing can get more relation triples which can not extract by simple morphology matching. The tra-

ditional Rule Based Chunking can only chunk the relation triples (PyTables; is_built_on_top_of;

HDF5_library) from sentence “PyTables is built on top of the HDF5 library, using the Python

language and the NumPy package.”, but can not chunk (PyTables; using; NumPy_package)

because the morphology of this relation triples is not continuous (NP,VP,NP). With the using of

dependency parsing, we can get the xcomp (using-11, built-3), dobj (using-11, language-14),

and dobj (using-11, package-18). These dependencies mean that “using-11” is open clausal

complement of “built-3”, and the object of “using-1” is “language-14” and “package-18”.

From scenario 5 of HDSKG Chunking, we can chunk (PyTables; using; NumPy_package) and

(PyTables; using; Python_language).

openIE derives the latent relation triples (PyTables; using; Python_language), but ignores

the paralleled relation triples (PyTables; using; NumPy_package). But this relation triples

captures by HDSKG accurately by the scenario 4 designed in our system. In addition to above

shortcoming, openIE also generates many redundant relation triples like (PyTables; is; built).

HDSKG does not make this mistake due to our VP and NP chunking can identify the verb phrase

“is built on top of”.

For the sentence “Jansi is a small java library that allows you to use ANSI escape codes

to format your console output which works even on windows.”, all the above tree methods
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extract the wrong relation triples (ANSI; escape; codes). Then we can use the HDSKG Domain

Relevance Estimation to filter this irrelevant relation triples. From the Tab. 5.5 we can see the

HDSKG Domain Relevance Estimation can reserve the correct relation triples and filter out the

irrelevant relation triples accurately.

Compare with the above 2 methods, HDSKG Chunking extracts both apparent and latent

relation triples, and the domain relevance estimation of HDSKG filters the relation triples which

less relevant to the target domain.

Precision, recall and f-measure are used as evaluation metrics of the extractions of HDSKG.

Precision is the ratio of the correct relation triples to all extractions, this metric is seen as a

measure of quality. Recall is the ratio of the correct relation triples to all ground truth relation

triples, which is a measure of completeness. F-measure is computed by:

F = 2 · Precision · Recall
Precision + Recall

(5.5)
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Figure 5.8: Performance of different Extraction Methods

Fig. 5.8 shows the performance of different extracting methods, compare with openIE,

HDSKG domain relevance estimation achieves the highest precision 0.77 and HDSKG Chunking

get the highest recall 0.74. According to the result, even we lose 0.04 recall by estimation of

domain relevance, the precision is be improved 0.25. This illustrates that HDSKG Domain

Relevance Estimation estimates the domain relevance with small loss of recall but improves
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the precision conspicuously. The recall performance of the openIE is 0.6, which is close to the

recall of HDSKG Domain Relevance Estimation. But this recall of openIE is at the expense of

reduction of the precision by generating more irrelevance relation triples.
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Figure 5.9: An Example of Knowledge Graph Generated by HDSKG

The precision value between openIE and HDSKG is different. It is because the following

reasons:

• HDSKG combines more advanced features of the sentence, which can extracted the

relation triples more comprehensive.

• Our definitions about “correct” relation triples are different. The experts who make the

baseline reach a consensus that some relation triples extracted by openIE can not be

regarded as a correct relation triples. For example, for the openIE, (I, like, JavaScript) is

regarded as correct relation triples. But the subject ŚIŠ is not a concept or entity. This

relation triples is meaningless to add in a knowledge graph and will affect the quality of

the knowledge graph. So we made a more strict standard to evaluated the relation triples.

So, comparing with openIE, HDSKG can produce less relation triples with higher precision.

Fig. 5.9 is part of the knowledge graph generate by HDSKG in the software engineering

domain.
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5.4 Discussion

So far, we have extracted a knowledge graph of software engineering domain from the tag wiki of

Stack Overflow. In this section, we discuss the implications of our research for knowledge graph

extraction, information retrieval of software engineering domain, and knowledge representation.

5.4.1 Implications for Knowledge Graph Extraction

As shown in Section 5.2.4, HDSKG Chunking incorporates a dependency parser with a rule-

based method and extracts the candidate relation triples in the natural language materials with

high precision and low recall. The 6 scenarios we present in Section 5.2.4.3 cover most of the

occasions in natural language expressions. It ensures the HDSKG can easy to be used in other

natural language materials, e.g., healthcare, industrial design, etc.

For the domain relevance estimation part of HDSKG, the designed features can distinguish

domain relevant relation triples from the candidate relation triples efficiently as shown in

Section 5.3.3.2. HDSKG is easy to migrate to other domains by just changing the domain

lexicon to the target domain and labelling a small number of training data. With the self-

training SVM classifier, HDSKG can construct the knowledge graph of of the target domain

automatically.

5.4.2 Implications for Information Retrieval in Software Engineering Do-
main

The knowledge graph of software engineering domain, the traditional way of information

retrieval can be changed.

Firstly, a direct answer search engine can be constructed [185, 186]. As it shown in Fig. 5.9,

there are 2 kinds of relations, they are “is a” and “object property”. “is a” is the taxonomic

relations which indicate a containment relation between 2 concepts [187]. For example, the

taxonomic relation like “pi-db” -> “relational_database” -> “database” in Fig. 5.9. “pi-db”

is subclass of “relational_database”, and “relational_database” is subclass of “database”. So

we can derive if we have a sentence like "The employees’ information is put in firebird", this

sentence "The employees’ information is put in database" is also right. The “object property”

is the non-taxonomic relations, these relations present some properties of the concepts. So if

101



CHAPTER 5. HDSKG: MINING DOMAIN-SPECIFIC KNOWLEDGE GRAPH FROM UNSTRUCTURED TEXT
RESOURCES (BotLearning)

there is a query like: “Which database can run on Unix and be written in C++” From the query

we can extract the VP “run on” and “be written in”, and the concepts “database”, “Unix” and

“C++”. Then the “firebird” will be recommended directly. This direct answer search engine can

answer many questions which ask about a specific concept and help developers to find available

technologies without reading many webpages.

We can also use this knowledge graph to the semantic search engine because it links the

concepts across query key words, documents, databases, webpages, etc. via semantic modeling..

For example, the phrase “firebird is written in C++” and the phrase “C++ is microsoft language”

are extracted from different webpages. There is no link between the concept “firebird” and

the concept “microsoft language”. But in the knowledge graph, these two concepts connect to

“C++”. So in the search results, the ranking algorithms should concern the weight to “microsoft

language” related webpages when search “firebird”.

5.4.3 Implications for Knowledge Representation

Our knowledge graph is also a structural knowledge representation which can be used to do

data documentation and enrich search result pages. Actually Stack Overflow paid effort on it

already. There is a new online function which is still under beta test named documentation1.

In this part, Stack Overflow organizes the information of each tag structural like “different

version”, “important functions” and “useful code snippets”, etc. Compared to the traditional

tag wiki, developer can easy to locate the information they want. But these documentations

are contributed by the users of Stack Overflow manually, they are low efficient and subjective.

The knowledge graph extracted by HDSKG can assist to enrich the documentation. Because

it is extracted from the materials contributed by many developers, with the “corpus features”

we used in Section 5.2.5.1, the subjective relation triples can be removed by the classifier. For

example, there are five relations of “is written in” in Fig. 5.9, these relations can be used to

enrich the documentation of tag “C++” by the tools or libraries which are written by “C++”.

Our knowledge graph also can be used to enrich the search result. For example, if you search

“iso standard”, as the result in Fig. 5.9, we will recommend “C++” which is standardized by “iso

standard”.
1http://stackoverflow.com/documentation
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5.5 Summary

Knowledge graph integrates structural information of concepts across multiple information

sources, and links these concepts together. It is useful in many domains such as search result

ranking, recommendation, exploratory search, etc. In this chapter, an implementation of the

BotLearning module of XBot called HDSKG was proposed to discover domain-specific concepts

and their relation triples from the content of webpages. By incorporation of a dependency

parser with a rule-based method, we got the candidate relations triples candidates with high

precision and recall. And by utilizing the self-training SVM classifier, we could estimate the

domain relevance of the candidate relation triples. We applied HDSKG to Stack Overflow (a

Q&A website about computer programming) for evaluation. As a result, a knowledge graph of

the software engineering domain is constructed. The experimental results show that both the

precision and recall of HDSKG achieve new state-of-the-art. The performance is particularly

efficient in the case of complex sentences. Furthermore, with the self-training technique we

used in the classifier, HDSKG can be applied to other domain easily with less training data.
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Chapter 6

Conclusion and Future Work

This chapter will summarize the work of this thesis and indicate some research directions

inspiring from this thesis.

6.1 Conclusion

In this thesis, we conducted a series of research works to realize an explainable Q&A system

based on the domain-specific knowledge graph.

First, in order to provide human-readable and understandable explanations, this thesis ex-

plored the human Q&A cognitive process [35]. Inspired by the research works of cognitive

science, a framework called XBot is proposed. This framework consists of five modules: BotPer-

ception, BotPlanning, BotReasoning, BotResponse and BotLearning. XBot is aligned with the

cognitive process of human and can serve as the basis for designing a Q&A system based on the

knowledge graph with human-like explainability. The experiment results show that compared

with the existing Q&A systems, the Q&A systems based on XBot framework has the capacity to

answer questions with human-like explainability by learned knowledge.

Second, a Q&A system based on XBot framework called DeveloperBot was presented. De-

veloperBot proposed the implementations of the four modules of XBot including BotPerception,

BotPlanning, BotReasoning and BotResponse. And further customized by loading the knowl-

edge graph of general knowledge of the software engineering domain. The BotPerception and

BotPlanning modules are implemented by a query graph construction algorithm. This algorithm

incorporates the Dependency Parsing into the Tree Parsing to represent the question. Then it

splits a complex query into several simple constraints by dependency parsing and integrates
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these constraints and their solving order into a multi-layer query graph. The BotReasoning

module is implemented by a fast graph cyclic pruning reasoning algorithm. This algorithm

models the constraints solving process as subgraph search and decision-making process. The

reasoning subgraph will be extracted as the qualitative explanations of “why”, “how” an answer

is be recommended. And the confidence of direct answer will be computed as the quantitative

explanation of “how confident” an answer is.

Quantitative evaluation and a user study were conducted to evaluate the performance of

DeveloperBot. The results of the quantitative evaluation show that, with topological structure,

predicate similarity and other novel features of the subgraph, the Bayesian decision theory

and DNN algorithm can extract the correct answers of constraints with high accuracy and low

confidences MSE. The participants of the user study express that DeveloperBot has the capacity

to model and reason complex problems. They think that DeveloperBot is a good supplement

to the search engine. The experimental data also shows similar results: compared with just

using Google, with the assist of DeveloperBot, the users can find answers faster and with more

accuracy. In addition, using the reasoning subgraph and answer confidence as the explanation of

the direct answers can significantly improve the developers’ trust and adoption to the answers.

These explanations also assist the developers to understand the answers deeply and improve

the answer accuracy and formed better search keywords. Furthermore, the more complex the

question is, the more effective the DeveloperBot can achieve.

Third, a implementation of BotLearning module of XBot called HDSKG was proposed to

extract domain-specific knowledge graph from the content of webpages. By incorporation of

a dependency parser with a rule-based method, HDSKG extracts the candidate relation triples

with high precision and recall. HDSKG further extracts novel features of these candidate relation

triples and estimates the domain relevance of them by utilizing a self-training SVM classifier.

We applied HDSKG to Stack Overflow (a Q&A website about computer programming) for

evaluation. As a result, we constructed a knowledge graph of general knowledge of software

engineering domain with 35279 relation triples, 44800 concepts, and 9660 unique verb phrases.

The experimental results show that both the precision and recall of HDSKG are much higher

than the state-of-the-art tool called openIE for relation triples extraction. The performance

is particularly efficient in the case of complex sentences. Furthermore, with the self-training

technique used in the classifier, HDSKG can be applied to other domain easily with less training

data.

105



CHAPTER 6. CONCLUSION AND FUTURE WORK

These results can indicate that the cognitive Q&A framework XBot could effectively serve

as the basis for the Q&A system. A series of corresponding implementations of this framework

proves that XBot can be adopted and customized in different domain. With the framework and

corresponding solutions, the Q&A system can answer complex questions with explainability

based on the knowledge graph. And such a Q&A system can effectively improve the efficiency

of closed-end question search. This research work has the potential to extend to meet broader

requirements like complex text-based software engineering artifacts.

6.2 Future Work

6.2.1 DoctorBot

9
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Figure 6.1: Framework of DoctorBot

The studies conducted in this thesis could be extended in various directions, and an example

of these possible research directions will be discussed in this section. As mentioned before, XBot

can be customized in different domains which just like humans can learn different knowledge and

become experts of different domains. We already showed a customization example in Chapter 1

which customized XBot as a search engine assistant for developers called DeveloperBot. In

this section, we will present anther customization example called DoctorBot which customized
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by loading the knowledge graph of chronic pain domain into the knowledge base of the XBot

framework.

DoctorBot is used as a doctor assistant for chronic pain diagnosis and treatments recom-

mendation. As shown in Fig. 6.1, the patients’ knowledge graph base is corresponding to the

experience of the doctors in their semantic memory. Every patient in the patients’ graph base

has their corresponding diagnosis and treatments which extracted from the electronic medical

record. The duty of DoctorBot is to find the best reference cases and summarize the diagnosis

and treatments to recommend to the input patient.
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Figure 6.2: BotPerception: Patient Graph Construction

DoctorBot input the profile, questionnaire and inspection data of a patient, and construct

these data as a patient graph by different entities extraction methods shown in Fig. 6.2. This is

implementation of BotPerception module of XBot.

After that, DoctorBot will cluster the input patient graph with the patient graphs in patients

graph base and find similar patients. This process like the BotPlanning of XBot which divide a

patient searching task into small tasks limited to a few patients. Then BotReasoning algorithm

of DoctorBot will connect the input patient graph and the similar patients’ patient graphs into

the chronic pain knowledge graph. A dynamic random walk algorithm will be used to reason

the most valuable referring patients. At the end, the DoctorBot will learn the new diagnosis and
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7

UI of DSCP

Figure 6.3: BotResponse: the User Interfaces of DoctorBot

treatments provide by the doctor and update the patients’ graph base. The UI of BotResponse is

shown in Fig. 6.3.

In addition to DoctorBot, XBot can be customized in many different domain. For example,

XBot can be trained by knowledge of music, dance, painting, etc. and become MusicBot,

DanceBot, PaintingBot. And just like humans need different strategies to learn different domain

knowledge, XBot can be implemented in different BotPerception, BotPlanning and BotReasoning

methods. The explanation also can be more devise and flexible. Except for the above situations,

open question answer based on knowledge graph also an interesting but difficult problem to

solve for Q&A system.

6.2.2 True or False Questions Answering

Except for closed-end questions, we can also extend the Q&A to other types of questions

like true or false questions. But the human brain has different reasoning logics and strategies

for different questions. The future work mainly focuses on the reasoning logic of closed-end

question, true or false question-categorization task and true or false question-function validation

task as shown in Tab. 6.1. In order to find the right answer, decide whether a concept belongs
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Table 6.1: Types of Relations Found in SG that Constitute Positive Or Negative Evidences
No. Positive Evidence Negative Evidence

True or False Question-Categorization Task

1
The subject and object have positive
connection of subclass to superclass

The subject and object have negative
connection of subclass to superclass

2
The subject have common property
to the subclasses of object

The subject have distinguishing
property to the subclasses of object

3
The subject have have crucial common
property to the subclasses of object

The subject have crucial distinguishing
property to the subclasses of object

True or False Question-Property Validation Task

1 The subject has positive R1 The subject has negative R1

2 The subject has positive R2 The subject has negative R2

3 The subject has positive R3 The subject has negative R3

4 The subject has positive R4 The subject has negative R4

to a category or whether a function is supported, sufficient evidence needs to be gathered to

determine whether it surpasses the positive or negative criteria. Tab. 6.1 summaries the positive

and negative evidence that can be used to make different decisions. In general, when property

comparison, the weights of positive and negative evidence are not equal. A little negative

evidence may lead to negative decisions, whereas much positive evidence is needy in order to

make a positive decision.

True or False Question-Categorization Task: true or false question means the answer to

the question is to determine whether the question is true or false. Categorization task means the

question is to determine the subordination of two concepts. e.g. “If neo4j is a graph database?”

In this question, “neo4j” is subject and “graph database” is an object. As shown in Tab. 6.1,

there are 3 evidence pairs to evaluate these kinds of question task. If the positive evidence

No.1 is founded in SG, the answer will be true with confidence is 1. Otherwise, if the negative

evidence No.1 is founded, the answer will be false with confidence is 1. In the case of the

positive evidence and negative evidence are founded at the same time, the answer will be false

with confidence is 1.

Once the No.1 evidence pair is not founded, the No.2 evidence pair and No.3 evidence

pair will be used to do further analysis. The common property in the No.2 positive evidence
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means the matching non-taxonomic relations between subject and all subclasses of the object.

Otherwise, the distinguishing property means the mismatch non-taxonomic relations between

subject and all subclasses of object (predicate express the opposite meaning). These evidences

are represented as follows:

NTScorepst =
1

m

m∑
i=1

PredicateScorei,

NTScoreneg =
k

m
, k = (0, 2, ...,m),

(6.1)

where m is the number of common properties. PredicateScorei is the predicate relevance of

ith common property. k is the number of distinguishing properties.

Similarly, the crucial property of the object is the non-taxonomic relations which repeat

in most of the subclasses of the object. For the “graph database”, the crucial property should

be “support graph storage”. To the contrary, the crucial distinguish property should be “do not

support graph storage”. These evidences are represented as follows:

CNTScorepst =
1

n

n∑
j=1

PredicateScorej,

CNTScoreneg =
p

n
, p = (0, 2, ..., n),

(6.2)

where n is the number of crucial common properties. PredicateScorej is the predicate relevance

of jth crucial common property. p is the number of crucial distinguishing properties.

Note that, the evidence pair No.2 and No.3 are continuous but not independent. So during

decision making, p(x|ωi) of Equation. 4.16 should be d-dimensional Gaussian probability

density as follows:

p(x|ωi) =
1√

(2π)d|Σi|
exp

[
−1

2
(x− µi)

TΣ−1i (x− µi)

]
, (6.3)

where µi is the mean vector of x from class ωi. Σi is the covariance matrix of x from class ωi.

x = (x1, x2)T, here x1 = NTScorepst and x2 = CNTScorepst during compute the posteriori

probability of true answer (assume ω1). During compute the posteriori probability of false

answer (assume ω2), x1 = NTScoreneg and x2 = CNTScoreneg.
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In the special case of d = 2 and 2 classes, Bayesian discriminant function g(x) of ωi, i = 1, 2

is given by the following:

g(x) = xTη1x− xTη2x+ γT
1 x− γT

2 x+ θ1 − θ2, (6.4)

where ηi = −1
2
Σ−1i , γi = Σ−1i µi and θi = −1

2
µT

i Σ−1i µi − 1
2
ln|Σi| + lnp(ωi). Here the

decision g(x) = 0 is a quadratic hyperplane.

True or False Question-Property Validation Task: Property validation task means the

question is to determine whether a subject has a specific property. e.g. “If graph database support

rdf query language?” In this question, “graph database” is subject and “rdf query language” is

an object. As shown in Tab. 6.1, there are 4 evidence pairs to evaluate these kinds of question

task.

Here we assume that if the answer is true and confidence value is 1, which means all the

subclasses of the subject have the property to all the subclasses of the object, and the all predicate

relevances are 1. For the R1, R2 and R3, we will give the properties of superclasses all the

corresponding subclasses.

We synthesize predicate relevances and the ratio of all the subject subclass and object

subclass pairs that have the corresponding property to the pairs do not have as follows:

RelScorepst =
1

mn

m+n∑
i=1

max(PredicateScoreij), j = (1, 2, ..., p),

RelScoreneg =
k

mn
, k = (0, 2, ..., q),

(6.5)

where m and n are the number of leaf subclasses of SGsubj and SGobj . PredicateScorei is

the ith subject leaf subclass and object leaf subclass pairs, here we take the highest predicate

relevance among this relevance while the leaf nodes contain one more (assume p) relations. k is

the subject leaf subclass and object leaf subclass pairs which contain negative relations. If a pair

contains both positive relation and negative relation, we regard this node as negative.

The R1, R2, R3 and R4 is independent, so during decision making, the RelScorepst and

RelScoreneg will be used as the positive evidence and negative evidence (x in Equation.4.13)

to the Bayesian decision theory. For the ωi(i = 1, 2, ..., s) in Equation.4.13, the class number is

two. ω1 means the answer is true, and ω2 means the answer is false.
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6.2.3 Evaluate HDSKG with Public Datasets

In Section 5.3, we only test HDSKG on the dataset of software engineering domain. Test HDSKG

on the public dataset can make our method more convinced. It is a pity that when I conducted

this research work, as best I know, for the techniques which extracted knowledge graph from the

text (provided text->relation triples both for open information extraction), there were still do not

have a commonly accepted public dataset. At present, the development time of knowledge graph

construction technology is relatively long. There are some generally accepted public datasets

emerged [188, 189, 190], maybe we can improve our tool and the evaluation in the future.
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