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CHAPTER 2 BACKGROUND AND RELATED WORK 

 

This chapter studies the early and state-of-the-art work on Question Answering 

(QA), focusing on its relationship to Information Retrieval (IR) and Natural 

Language Processing (NLP). This is not an exhaustive survey of the field of QA, but 

instead of an attempt to discuss the task of QA for automation of customer helpdesks 

for restricted domains and to identify issues that are addressed in this thesis. 

 

2.1 Information Retrieval 

 

Question Answering (QA) systems focus on finding answers to user questions in a 

collection of documents. Most of the time, it is not practical to linearly scan each 

document in a collection for every user question. Therefore, modern QA systems use 

an Information Retrieval (IR) based component to index the documents in advance, 

and provide a ranked retrieval mechanism to query the index to retrieve only the 

documents that are relevant to the question. 

 

Information retrieval (IR) is finding material (usually documents) of an unstructured 

nature (usually text) that satisfies an information need from within large collections 

(usually stored on computers) [14]. In IR, a document refers to the unit of text 

indexed in the system and available for retrieval. A collection refers to a set of 

documents being used to satisfy user requests. A term refers to a lexical item that 

occurs in a collection and a query represents a user’s information need expressed as 

a set of terms [15]. The most popular IR model used by QA systems  is the Vector 

Space Model (VSM). In VSM, documents and queries are represented as feature 

vectors of terms that occur within the collection [17].  For ranked retrieval, cosine 

similarity metric is used to calculate the similarity scores between query vectors and 

document vectors. The ranking algorithm used in this thesis for issue detection is 

derived from VSM. In the next chapter, it is discussed in detail. 
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2.2 Open-Domain QA versus Restricted-Domain QA 

 

There are two types of question and answering mechanisms: 

1) Open-domain question answering mechanisms deal with natural language 

questions which are not constrained to a specific domain. The eighth Text 

Retrieval Conference (TREC-8) first organized a competition on 

answering open-domain factoid questions. Researchers use publicly 

available data sets (e.g. Reuter’s data set, TREC data set) [10]. Some 

researchers use web as a gigantic data repository which they exploit the 

data redundancy for QA [4]; 

2) Restricted-domain question and answering mechanisms deal with natural 

language questions constrained to a specific domain. Automated customer 

helpdesk applications fall into this category. 

 

In determining the best techniques to be used in restricted-domains, and whether the 

techniques used in open-domain are effective in a restricted-domain, it is worthwhile 

to consider the size of the data.  For example, data redundancy is exploited in some 

open-domain QA systems. The intuition is that the size of the data increases, it 

becomes more likely that the answer to a specific question can be found with data-

intensive methods that do not require a complex language model [4]. In contrast, 

redundancy techniques have lesser value in restricted-domain QA especially in the 

case of domains with a relatively small amount of data. 
 

However, possibilities of applying complex NLP techniques are higher in restricted-

domains since those systems have a relatively small amount of data to handle. In 

addition, creation and maintenance of the index is less expensive. 

 

The characteristics of questions asked in a restricted-domain are different from those 

asked in open-domain. Most of the restricted domain users are experts in that domain 

and will use specific terminology with technical questions. Generally, questions 

asked by those users are more complex than the questions asked in open-domain. 
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Therefore, there are a lot of opportunities to apply advanced NLP techniques in 

restricted-domain QA systems. 

 

2.2.1 Ontological resources 

 

There is an important difference between available resources in open-domain and in 

restricted-domain. One major resource used in QA systems for knowledge 

representation is ontology. An ontology is usually defined as a formal explicit 

description of concepts in the domain of discourse, together with their attributes, 

roles, restrictions, and other defining features [19].  

 

The ontologies used in open-domain QA systems are developed without any domain 

specific restrictions. The WordNet [11] is the most widely used open-domain 

ontology in the field and others include Dbpedia [20], Wikipedia Infoboxes [21]. 

However, applications of those open-domain ontologies are limited when used in 

restricted domains. The main reason for this behavior is that the information in open-

domain ontologies are not balanced when compared to the restricted domain. In other 

words, open-domain ontologies are too coarse-grained for specific restricted 

domains, whereas other parts are too fine-grained and it is possible that open-domain 

ontologies may contain information that may have an adverse effect on the restricted 

domain QA systems. 
 

For example, consider the system described in this thesis and the open-domain 

ontology WordNet. The deployed system is developed for a technical domain and 

contains a considerable amount of technical terms which are not included in 

WordNet. In addition, WordNet has a vast amount of information which includes a 

lot of word senses for some words. For instance, the word “bank” has multiple word 

senses, including the meanings for financial institution, sloping land and the building 

of a financial institution. This disambiguation is unnecessary for the proposed QA 

system in which the term “bank” only refers to the financial institution. Therefore, 

the impact of word-sense disambiguation is reduced in restricted domains. 
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In most restricted-domain QA systems, the ontology is built manually using 

application specific data. Moreover, manual creation of a complete ontology is a time 

consuming task. Therefore, in the proposed system, a very simple ontology is used 

which is only constrained to service types. 

 

2.3 Paradigms for QA 

 

Research in QA has evolved from two different paradigms:  

1) IR based approach pioneered in the annual TREC evaluations and used in 

commercial systems like IBM Watson [25] and Google [27]. In this 

paradigm, question answering focuses on finding text excerpts that contain 

the answer within large collections of documents using fast and shallow 

methods.  

2) The knowledge base (KB) approach is focused on building an answer from 

understanding the parse tree or the structure of the question. These systems 

have its knowledge encoded in databases as an information source. Therefore, 

the question answering is restricted only to the information previously 

encoded in the database. The benefit of this approach is that having a 

conceptual model of the application domain represented in the database 

structure which allows the use of advanced NLP techniques in order to 

address complex information needs of users.  

The following table represents a categorization of few commercially available QA 

systems to above paradigms. 

Table 2-1: Commercial QA Systems Categorization 

IR based Systems KB based Systems 

TREC [23] Apple Siri [22] 

IBM Watson [25] IBM Watson 

Google [27] Wolfram Alpha [24] 

 True Knowledge Evi [26] 
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Most of the modern systems use hybrid approaches where they combine both IR and 

KB based approaches. Generally, these systems build a shallow representation of the 

query and use IR based methods to come up with sets of candidate answers to 

questions. Then, KB based methods are used to score or filter these candidate 

answers. In other words, these systems use IR based methods to find candidate 

answers and KB method to score them. The  system described in this thesis is also a 

hybrid system. 
 

2.4 Early Work in Restricted-Domain QA 

 
Most of the early work on restricted-domain QA is focused on storing knowledge in 

a database and providing a natural language interface. Two examples of these 

systems are Lunar [29] which answered questions about analysis of rock samples 

from moon missions and Baseball [28] which was restricted to baseball games 

played in the American league over one season. Both systems were very successful 

due to the very specific nature of their domains which enabled the construction of 

appropriate comprehensive databases. 

 

The first system developed using complex NLP techniques was the Berkeley Unix 

Consultant (UC)  project [30] which used the domain of the UNIX operating system 

to develop a helpdesk. In the UC project, NLP techniques were used to analyze user 

questions and to create meaning representations. Other traditional QA systems like 

CMU’s Phoenix [8], SRI’s Gemini [9], and MIT’s TINA [7] were developed using 

manual translation of textual information into knowledge bases using handwritten 

rules. Even modern systems adopt handcrafted rules-based approach to develop 

systems when little or no data is available, which is usually the case in the early 

phase of an application. However, it has disadvantages such as lack of robustness, 

poor accuracy, and inconsistency when designed by different individuals [1]. 
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2.5 State-of-the-art Work in Restricted-Domain QA 

 

In restricted-domain QA, current research is focused on leveraging domain specific 

characteristics to improve the performance and practicability of the system. In order 

to do this, system developers need to collect true representative data and analyze 

them. This involves coming up with strategies for knowledge extraction and  

populating databases. PICO system done by Demner-Fushman et. al [41] and the 

approach proposed by Sang at al [42] describe several strategies for the domain of 

medicine. In 2004, Niu and Hirst [43] presented an approach to automatically build 

an ontology for the medical domain by identifying semantic classes and relations 

between them. Yu, Sable, and Zhu (2005) [44] described a classification algorithm to 

classify medical questions to an ontology. Benamara (2004) [45] described Webcoop 

a logic-based system that uses advanced reasoning procedures and knowledge 

representation approach to answer natural language questions in the tourism domain. 

 

Modern restricted-domain QA systems employ two main different approaches to 

arrange domain knowledge: 1) Knowledge based 2) Free text based.  

 

Systems that support knowledge based question answering includes the AP 

Chemistry question answering system [46], Cyc [47], the Botany Knowledge Base 

system [48], the two systems developed for DARPA’s High Performance Knowledge 

Base (HPKB) project [49], and the two systems developed for DARPA’s Rapid 

Knowledge Formation (RKF) project [50]. These systems organized their knowledge 

bases according to a defined structure  that is built by taking the  anticipated 

questions into account. Furthermore, these systems need human interaction in 

knowledge base creation and population. 

 

In free text based QA, knowledge bases are made of a collection of unstructured text. 

Systems that use this approach, depends intensively on ontologies. The main reason 

for this observation is that these  ontologies are used to overcome the unstructured 

nature of their knowledge [51].  The system described in this thesis employs the 

knowledge based approach. 
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Voicetone [1] is a successful restricted-domain QA system that was developed to 

automate customer helpdesk applications. It describes an intent oriented approach in 

organizing the knowledge base and uses a statistical classifier for question 

understanding. For intent identification they have come up with a new predicate-

argument representation for semantic contents of the knowledge base. This intent 

oriented nature of Voicetone has enabled the facility to deploy applications rapidly 

for new domains with minimal human intervention. However, extra care need be 

provided for the maintenance of Voicetone and should be performed by engineers. 

Therefore, Voicetone lacks the important feature, the ability of maintaining the 

system by a less technically skilled domain expert. This thesis takes the above 

feature into consideration. 

 

2.6 Choice of the Text Classification Algorithm 

 

Text classification problem can be defined as follows:  

Given a description � ∈ � of a document, where � is the document space; and a 
fixed set of classes � = {�	, ��, … , �}. Using a training-set � of labelled 

documents  < �, � >, it is needed to learn a classification function � that maps 

documents to classes [14]. 

�: � → �                                                    (2.1) 

 

Then learned classifier function � is used to classify new documents automatically. 

This learning method is called supervised learning because a human need to define 

classes and label training documents. In the deployed system, service types of user 

questions are identified by a text classifier. In deciding what classification algorithm 

to use, following factors were considered. 
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2.6.1 Generative versus Discriminative? 

 

Based on the underline probabilistic model, classification algorithms can be 

categorized into two types: 1) Generative models 2) Discriminative models. 

Generative models give probabilities ���, �� and try to maximize the joint likelihood 

whereas discriminative models give probabilities ���|�� by taking the data as given 

and modelling only the conditional probability of the class. 

 

In recent works, discriminative or conditional models are preferred in NLP and IR 

tasks because of these models give high accuracy performance when compared to 

generative models [52] , [69], [70]. The table below reports a result to support this 

observation of text classification when applied to Word Sense Disambiguation 

(WSD) [52]. 

 

Table 2-2: Discriminative versus Generative Models 

 Training Set  Test Set 

Objective Accuracy Objective Accuracy 

Generative 86.8 Generative 73.6 

Descriminative 98.5 Descriminative 76.1 

 

Due to high accuracy reports, It was decided to adopt a discriminative classifier in 

the system. In deciding the specific classification algorithm, regularized Support 

Vector Machines (SVM) classifier was chosen as high performance is recorded in the 

literature [52] when SVMs used with regularization with a limited number of training 

data.  

 

2.7 Paraphrase Detection 

 

Paraphrase detection is the problem of detecting whether two phrases or two 

sentences are similar in meaning, and this is considered  as one of the difficult 

problems in NLP.  In a QA system, users can ask the same question in many different 
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forms. Therefore, detecting paraphrases is very important for real-world QA systems. 

Table 2-3 summarizes an evaluation [31] of state-of-the-art paraphrase detection 

algorithms on Microsoft Research Paraphrase Corpus (MSRP) [53]. 

 

Table 2-3: Paraphrase Detection Algorithms 

Algorithm Description Accuracy F 

FHS [33] 
supervised combination of MT evaluation 
measures as features 

75.0% 82.7% 

KM [35] 
supervised combination of lexical and 
semantic features 

76.6% 79.6% 

RMLMG 
[38] 

unsupervised graph subsumption 70.6% 80.5% 

MCS [36] 
unsupervised combination of several word 
similarity measures 

70.3% 81.3% 

STS [34] 
unsupervised combination of semantic and 
string similarity 

72.6% 81.3% 

QKC [37] 
supervised sentence dissimilarity 
classification 

72.0% 81.6% 

matrixJcn 
[32] 

unsupervised JCN WordNet similarity 
with matrix 

74.1% 82.4% 

SHPNM [39] 
supervised recursive auto encoder with 
dynamic pooling 

76.8% 83.6% 

WDDP [40] supervised dependency-based features 75.6% 83.0% 

 

However, these paraphrase detection algorithms have a weaker impact in restricted-

domain QA as most of these methods use tools developed for the open-domain QA.  

For example, the developed system should identify both S1 and S2 sentences 

mentioned below as paraphrases that are very different in the normal context. 

S1: How can I cancel my service? 

S2: I want to leave Exetel? 
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To calculate sentence similarity, some of the algorithms mentioned in Table 2-3 use 

WordNet [11] based word similarity measures that are suited for open-domain. Most 

commonly used word similarity measures are mentioned below. 

 

���������	, ��� =  	
���� !"�#$,#%�    [54]                                                               (2.2) 

 

���*!+",-��	, ��� =  − /01 ��2�3��	, ����  [55]                                       (2.3) 

 

��� ,"��	, ��� =  � 456�789�#$,#%��
 45 6�#$�: 45 6�#%�   [56]                                                           (2.4) 

 

���#��	, ��� =  	
 45 6�#$�: 45 6�#%�<�  45 6�789�#$,#%��   [57]                              (2.5) 

 

���!7!+-��	, ��� =  ∑ 0?@A/BC D1/0��EA��	�F, 1/0��EG����FH*,I ∈JK79 [58]       (2.6) 

 

Every method mentioned above use the structure of WordNet [11] in word similarity 

calculations. However, For this automated helpdesk system, word similarity 

measures perform poorly as the content and the hierarchy of WordNet has a very 

weak connection to the domain. Domain knowledge is important in paraphrase 

detection and word similarity calculations. Therefore, for restricted-domain QA, it is 

needed to come up with new paraphrase detection models and word similarity 

measures. One promising approach is to build a thesaurus for the domain with 

relations and introduce new similarity measures and algorithms based on the 

structure of the thesaurus. This approach involves a lot of work that will not fit in the 

scope of this thesis. In addition, maintaining a thesaurus is a difficult task that needs 

a comprehensive understanding of linguistics and domain expertise. Furthermore, it 

is very challenging for a less technically skilled person. Therefore, a method called 

pattern writing is proposed that can be performed by a less technically skilled domain 

expert. Chapter 3 contains a full section on pattern writing. 
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2.8 Choice of the Ranking Algorithm 

 

In an Information retrieval (IR) system, information needs of users are converted into 

queries. Both queries and documents are transferred into an internal representation 

depending on the underlying model. Then the ranking algorithm matches a query 

representation to document representations to determine the documents that satisfy 

information needs of users. 

 

Ranking problem can be defined as follows: Problem Statement 

Given a set of documents � = {�	, ��, … … , �"} and a query G, in what order the 

subset of relevant documents �* = {�*	, �*�, … … , �*M}  should be returned to the 

user. The ranking algorithm should retrieve the best document to be at rank 1, second 

best to be at rank 2 and so on. 

 

2.8.1 Vector Space Models versus Probabilistic Models  

 

Based on the underlying model, ranking algorithms can be categorized into two 

types: 1) Vector Space Models (VSM) 2) Probabilistic Models. In VSMs, both 

queries and documents are represented as vectors in “term space”. In contrast, 

probabilistic models rank documents by their estimated probability of relevance with 

respect to the query. 

 

Both VSM and probabilistic models support natural language queries and those 

convert queries and documents to the same internal representation according to the 

underlying model. In addition, both modelling approaches support ranked retrieval 

and relevance feedback. The primary difference is based on the theory. 

 

In probabilistic models, probabilities need to be estimated as accurately as possible 

according to the available data and the model highly depends on this data. Terms are 

modelled as occurring in documents independently and these models do not 

recognize any association between terms. In a sense this assumption is equivalent to 
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an assumption of the VSM, where each term is a dimension that is orthogonal to all 

other terms. Therefore, word order similarities are discarded in both models. 

 

In automated helpdesk application development, it is difficult to collect true 

representative data which is needed for the estimation of probabilities, especially in 

the early stages. In addition, due to rapid changes of information  and changes 

associated with the knowledge base population, the model need to be adjusted. 

Therefore, in the presented approach, VSM is used as the underlying model in the 

ranking algorithm. To incorporate word order similiarities, a method called n-gram is 

introduced to the ranking formula. It is disussed in Section 3.7. 

 

2.9 Main Considerations of Building the QA System 

 

The section emphasizes the main points to be taken into consideration when 

designing a QA system for a specific domain [18]. They can be listed as follows:  

 

• Domain query system analysis 

• Domain knowledge selection 

• Domain knowledge representation 

• System interface design 

 

In the remaining part of this section, how the deployed automated customer helpdesk 

system  took above factors into consideration is discussed. 

  

Domain query system analysis: From the beginning of the system development, it 

is important to know the different ways users ask questions to satisfy their 

information needs. Even though, it is possible to ask CSRs for sample questions, 

studies [1] showed that language characteristics of human-machine interactions and 

human-human interactions are different. Therefore, it is important to collect data on 

how user converses with a machine. To collect questions, a web interface is provided 

to users and encouraged them to ask questions. Those questions were directly 
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transferred into a trouble tracking system where CSRs provided answers. Collected 

questions needed to be analyzed, especially to mark stopwords and identify 

paraphrases. Then, those were manually classified by domain experts to services and 

products of the company for further analysis of building a rule based classifier. 

 

Domain knowledge selection: In selecting the domain knowledge of the QA system, 

more general queries were preferred to user specific questions. This also simplified 

the pattern writing for paraphrase detection. For example, the approach prefers “My 

Internet has been dropping after connection changes” to “ I was previously on a 

512/128 ADSL1 connection and recently upgraded to a 8000/386 ADSL1 connection. 

The Internet has been dropping out since then” where both questions had the same 

answer. 

 

Domain knowledge representation: It is important to define an internal model to 

represent domain knowledge. The selected model is also the factor that determines 

the kind of operational processes and algorithms required to build the QA system. In 

the system, a question is wrapped with other essential information in a unit called 

document, and the document is indexed using IR techniques to be retrieved when the 

question is asked by a user. This model is discussed in detail in Chapter 3 in Section 

3.1 under the topic “Understanding the User Query” . 
 

System interface design: The system interface plays a major role in the mode of 

communication between users and the system. Therefore, it is important to tailor the 

system interface according to the characteristics of the domain and user 

requirements. In our system, a web based interface is provided for users to ask their 

questions by typing in natural language. Since the domain of the QA system is highly 

related to the Internet, it is safe to assume that all the users are familiar with using 

web based interfaces. 

 

 

 


