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Abstract

As the amount of textual information available in the World Wide Web increases, it is becoming

harder and harder for regular users to find specific information in a convenient manner. For instance,

finding an answer to a simple factual question, such as “Who is the tallest man in the world ?”, can be

a fairly tedious task. Web question answering systems offer a solution to this problem by quickly re-

trieving succinct answers to questions posed in natural language. However, building such systems

typically requires a fairly amount of tedious, time-consuming, and error-prone human labor, which

leads to systems that are costly, and difficult to adapt to different application domains or languages.

To cope with these problems, in this thesis, we propose a multi-pronged approach to web question

answering, with a strong focus on machine learning techniques, that allow the system to learn rules

instead of having a human expert handcrafting them. Particularly, we propose a system comprised of

three components: question classification, passage retrieval, and answer extraction. For the first com-

ponent, we developed a state-of-the-art machine learning-based question classifier, that uses a rich set

of lexical, syntactic and semantic features. For passage retrieval, we employ a multi-strategy approach

that selects the appropriate information source, depending on the type of the question. Finally, for

answer extraction, we utilize several extraction techniques that range from simple regular expressions

to automatic machine learning-based named entity recognizers. The system was evaluated using a set

of questions that were asked by potential users of the system, yielding very promising results.

1 Introduction

With the advent of the Internet and the World Wide Web (WWW) in the early 1990s, massive amounts

of textual information have become widespread available to the general public, making it a highly at-

tractive place for searching information. However, as the amount of information keeps growing at a

staggering pace, it is becoming more and more difficult to find specific information. Question answer-

ing systems deal with this problem, by providing natural language interfaces in which users can express

their information needs in terms of a natural language question, and retrieve the exact answer to that

very same question instead of a set of documents.
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1.1 Our approach

In order to cope with the aforementioned difficulties, we employ a multi-pronged approach to web ques-

tion answering, with a strong focus on machine learning techniques that allow the system to learn rules

instead of having a human expert handcrafting them. In particular, we propose a system – henceforth

dubbed as QAML – comprised of three layers, as follows:

Question Classification The question classification layer is responsible for assigning a semantic cate-

gory to a given question, which represents the type of answer that is being sought after. This task

is of prominent importance to an accurate question answering system, as we shall demonstrate in

the upcoming chapters. In this thesis, we adopted a machine learning-based approach to question

classification, using a rich set of lexical, syntactic, and semantic features. We also evaluated this

layer in isolation, so that we could compare our results with others reported in the literature for

this task.

Passage Retrieval The goal of the passage retrieval layer is to find relevant passages from the Web,

where the answer to a given question might be found. We employed a multi-strategy approach in

this layer, using Google search for factual questions, and a combination of Wikipedia and DBpe-

dia for some non-factual questions. Also, we developed a novel, semi-supervised approach, that

leverages the redundancy of the Web to learn very precise lexico-syntactic query rewrite patterns,

thus augmenting the chance of finding the correct answer and reducing the chance of finding noisy

information.

Answer Extraction Once a question has been classified, and relevant passages have been retrieved, the

last layer of the system is responsible for extracting candidate answers from the passages, and

selecting a final answer. For this layer, we again employed a multi-strategy approach, candidate

answer extraction techniques that range from simple regular expressions to automatic machine

learning-based named entity recognizers. We also developed a novel approach to extract candi-

date answers, which makes use of WordNet’s hyponymy relations to construct an online exact

dictionary matcher, which allows the system to support a wide range of question categories. This

layer also makes use of an unsupervised technique to cluster down similar candidate answers

together.

Also, our focus will be on factual questions, such as “Who is the tallest man in the world ? ”, although

we do cover some non-factoid questions, such as ones that ask for a definition – e.g., “What is an atom ?”

– , or a biography – e.g., “Who was Afonso Henriques ? ”.
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2 Question classification

Question classification is a very important step in a question answering system. Its goal is to, given a

question posed in natural language, assign a semantic category to that question, which represents the

type of answer that is being sought after. The set of question categories into which the questions are

to be assigned is referred to as the question type taxonomy. For instance, using the Li&Roth taxonomy

adopted in this work, the question “Which country borders Portugal?” ought to be classified into the

category LOCATION:COUNTRY.

2.1 Our approach

In this work, we adopt a machine learning approach to question classification. More specifically, we

model the task of question classification as a supervised learning classification problem, where the goal

is to learn a hypothesis that can accurately predict the categories of unseen questions. In order to train

the learning model, we designed a rich set of features that are predictive of question categories. We then

performed a series of different experiments, with the goal of determining the most discriminative set of

features that yield the most accurate results.

2.2 Question feature set

2.2.1 Word level n-grams

A word level n-gram is a sequence of n consecutive words from a given question. In this work, we

have experimented three different values for n, namely, n = {1, 2, 3}, which are hereafter referred to

as unigram, bigram, and trigram, respectively. Each word level n-gram is used as a binary feature,

indicating whether a question contains the n-gram or not.

2.2.2 Question Headword

The question headword is a word in a given question that represents the information that is being sought

after. In the following examples, the headword is in bold face:

(1) What is Australia’s national flower?

(2) Name an American made motorcycle.

(3) Which country are Godiva chocolates from?

(4) What is the name of the highest mountain in Africa?
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2.2.3 Part-of-speech tags

Given the parse tree of a question, we extract the pre-terminal nodes to use as features. These nodes

represent the part-of-speech (POS) tags or grammatical classes of the question tokens. For example, the

POS tags of the question “What is the capital of France?” are: WP, VBD, DT, NN, IN, and NNP.

2.2.4 Named entities

Named entity recognition is the task of finding and classifying particular names in a natural language

text into predefined categories, such as person names, location names, and organization names.

2.2.5 Semantic headword

We have already introduced the question headword feature, and stressed its importance to question clas-

sification. Semantic headword is a further improvement over the the question headword, which makes

use of WordNet (Fellbaum, 1998) to enrich the question headword with semantics.

2.3 Experimental results

2.3.1 Comparison of classification algorithms

Number of questions in training set

Algorithm 1000 2000 3000 4000 5500

SVM 78.4% 83.6% 85.0% 86.2% 88.2%
Naı̈ve Bayes 70.4% 72.4% 73.0% 75.6% 78.6%
kNN 62.6% 68.6% 72.4% 73.0% 75.2%

Table 1: Question classification accuracy using different machine learning algorithms and different train-
ing set sizes, under the coarse grained category.

2.4 Feature contribution

The best accuracy attained in this work for both coarse- and fine-grained classification – 95.4% and

90.6%, respectively –, is achieved using the combination of the question headword, semantic headword,

and unigrams. The results also reflect the fact that semantic features are more helpful for fine-grained

classification – as other authors have already reported (F. Li et al., 2008) –, as these features tend to be

most discriminative when there are more classes, and therefore more ambiguity.
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2.4.1 Comparison with other works

We now compare our results with others reported in the literature. Table 2 summarizes the question

classification accuracy reached by other relevant works in the literature for this particular task. All

works were evaluated using similar settings as this work, with the same question type taxonomy, and

the same training and test sets.

Category granularity

Author Coarse Fine

This work 95.2% 90.6%

(X. Li & Roth, 2002) 91.0% 84.2%
(Zhang & Lee, 2003) 90.0% 80.2%
(Krishnan et al., 2005) 93.4% 86.2%
(Blunsom et al., 2006) 91.8% 86.6%
(Pan et al., 2008) 94.0% -
(Huang et al., 2008) 93.6% 89.2%

Table 2: Comparison of question classification results attained by this work, against other results re-
ported in the literature.

2.5 Conclusions

In this section, we presented a machine learning-based approach to question classification, modeled as a

supervised learning classification problem. In order to train the learning algorithm, we developed a rich

set of lexical, syntactic, and semantic features, among which are the question headword and semantic head-

word, which we deemed as crucial for accurate question classification. Using an SVM trained on these

features, we attained 95.2% and 90.6% accuracy for coarse- and fine-grained classification, respectively,

which, as we write, outperforms every other state-of-the-art result reported in the literature.

3 Passage retrieval

After question classification, the next step in a question answering system is to find relevant passages

where the answer to a given question might be found. In QA parlance, this step is usually referred to as

passage retrieval and can be further divided into two sub-steps: query formulation and query submission.
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3.1 Information sources

3.1.1 Google Search

In this work, we use Google search to retrieve passages for factoid-type questions. These passages

correspond to the summaries – also called snippets in IR jargon – that the search engine associates with

each returned search result.

3.1.2 Wikipedia & DBpedia

DBpedia is used in this work in conjunction with Wikipedia, using a strategy that we shall discuss later

in this chapter, when we present the query formulation strategies. Briefly, Wikipedia is used to locate the

article where the answer to a given question might be found, while DBpedia is used to extract the actual

answer from the article in a structured manner, without having to access the full-text of the article’s web

page.

3.2 Query formulation

3.2.1 Keyword-based

The most simple query formulation strategy consists in generating a query that comprises all the words

in a given question, except stop words, such as articles and adverbs.

3.2.2 Wikipedia & DBpedia

The general idea of this combined strategy is to use Wikipedia’s search facilities to locate the title of

the article where the answer to a given question might be found, and then use DBpedia to retrieve the

abstract 1 of the article, which is returned as the answer.

3.2.3 Pattern-based

In this work, we leverage the redundancy available in the Web, by rewriting the original question in a

way that makes it easier to locate answers. We use a semi-supervised approach to learn rewrite rules,

which has the advantage of being more easy to adapt and extend with new rules, as opposed to the

rule-based approach which requires extra human labour every time new rules are added. Moreover,

our approach also allows us to empirically evaluate the precision of each rewrite pattern.

1The abstract of a Wikipedia article roughly corresponds to the first paragraph of the article.
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3.3 Query submission

Once the information source to be used has been identified, and the queries have been formulated,

the final step in the passage retrieval module is to submit the queries to the information source’s end-

point and retrieve the results. These queries are all submitted and processed in parallel, using multiple

threads, in order to maximize the performance of the system.

3.4 Conclusions

This chapter presented the passage retrieval component of the QAML system, which comprises two

stages: query formulation and query submission. In the former, we developed a diverse set of strate-

gies to transform a question into a suitable representation that can be sent to an information source, in

order to retrieve relevant passages for use in the answer extraction component. In the latter, queries are

submitted in parallel using multiple threads, to maximize the performance of the system, as this stage

is usually the costlier in the entire QA pipeline.

4 Answer extraction

Once a question has been classified, and relevant passages have been retrieved, the last step in a question

answering system is to extract candidate answers from the passages, and select a final answer. We refer

to this step as answer extraction.

4.1 Candidate answer extraction

4.1.1 Regular expressions

We developed an extensive set of regular expressions to extract candidate answers for NUMERIC type

questions, as they provide a very concise way to describe candidate answers for this type. For in-

stance, to identify potential answers to NUMERIC:TEMPERATURE questions, the regular expression

/[0-9]+(K|R|◦C|◦F)/ could be used.

4.1.2 Named entity recognizer

We used a machine learning-based named entity recognizer, which is able to automatically learn a model

to extract entities, based on a set of annotated examples. In particular, we employed Stanford’s Condi-

tional Random Field-based named entity recognizer (Finkel et al., 2005), which is able to recognize four

entity types: PERSON, LOCATION, ORGANIZATION, and MISCELLANEOUS.
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4.1.3 WordNet-based recognizer

In this work, we suggest a new approach for extracting answers for type of questions, using WordNet’s

hyponymy relations. We exploit the fact that candidate answers for these questions are often hyponyms

of the question’s headword, to construct an online dictionary with the entire hyponym tree of the head-

word. The dictionary is then used by an exact dictionary matcher algorithm to extract candidate an-

swers.

4.1.4 Gazetteer

We used a gazetteer for both LOCATION:COUNTRY and LOCATION:CITY categories. The gazetteers are

utilised in a similar way as the online exact dictionary matcher described in the previous section, with

the difference being in the fact that gazetteers are not constructed online, but rather at the system’s

startup.

4.2 Answer selection

4.2.1 Candidate answer filtering

In order to remove undesired candidate answers, we apply a simple filter which consists of removing

candidate answers which are contained in the original question.

4.3 Candidate answer clustering

Once unwanted candidate answers have been filtered, we perform clustering on the remaining can-

didates. Clustering is an example of unsupervised learning, whose goal is to group similar instances

together, into a set of clusters.

4.3.1 Scoring

In the final scoring step, a score is assigned to each cluster, which is simply the sum of the scores of all

candidate answers within it. Then, the longest answer within the cluster with highest score is returned.

Further, in case two clusters happen to have the same score, the tie is settled by returning the cluster with

highest search rank – i.e., the cluster whose answers were in the first results returned by the information

source.
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4.4 Conclusions

In this chapter, we presented a two-phased approach to answer extraction. For the first stage, candidate

answer extraction, we utilised several extraction techniques, ranging from handcrafted regular expres-

sions to automatic machine learning-based named entity recognizers. We have also presented a novel

approach to extract candidate answers, which makes use of WordNet’s hyponymy relations to construct

an online exact dictionary matcher, allowing our system to cover a wide range of question categories.

As for the second stage, answer selection, we start by removing unwanted candidate answers, which

are then clustered together using an agglomerative clustering algorithm, and finally scored to select an

answer.

5 Evaluation

Now that we have presented all the components that comprise the QAML system, we turn our attention

to its evaluation.

6 Experimental results

We evaluated the question answering system using two different settings: (1) considering only the first

returned answer; and (2) considering the first three answers returned by the system. The results for each

question in the test set are shown in Table 3.

For the first setting, we attained a mean reciprocal rank of 0.68, which means that our system

correctly answered 34 out of the 50 questions of the test set. As for the second setting, that is, when

considering answers that were found in the top three results returned by the system, we obtained a

mean reciprocal rank of 0.70(6), and the system was able to correctly answer 37 questions.

7 Conclusions

7.1 Main contributions to Question Answering

Contribution 1 A state-of-the-art, machine learning-based question classifier, that reaches an accuracy

of 95.2% and 90.6% for coarse- and fine-grained classification, respectively, using the standard training

and test corpus of Li&Roth.

Contribution 2 A novel approach for bootstrapping lexico-syntactic query rewrite patterns, based on

the works of (Ravichandran & Hovy, 2001) and (Brill et al., 2002). In particular, the developed algorithm
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Table 3: List of test questions that were used for the evaluation of the system, plus the rank of the correct
answer (zero represents an unanswered question).

Question Answer rank

What famous statue was given by France to the USA? 1
What language do they speak in Rome? 1
When was the BIC pen invented? 0
How high is Kilimanjaro? 1
When was Salazar Bridge renamed to 25th of April Bridge? 1
What is Lance Armstrong known for doing? 0
Who is referred to as The artist formerly known as Prince? 0
What is the nationality of Ray Charles? 1
Who features Madonna in “4 Seconds to Save the World”? 1
Which will be the host city of the Olympic Games in 2016? 1
Which is the most spoken romance language? 1
Where can I eat Fish and Chips? 2
How many times a day should a Muslim pray? 1
Who was recently laureated with the Nobel Peace Prize? 1
How many legs has a turtle? 1
How many colors has the rainbow? 1
Who was the founder of IKEA? 1
How many letters are there in the Hungarian alphabet? 1
How far is it from Jupiter to Saturn? 3
Who wrote Alice’s Adventures in Wonderland? 1
Who married Gwen Stefani? 1
How many times did Elizabeth Taylor divorce? 0
What is the color of Rudolph Reindeer’s nose? 1
What is the best selling album of all time? 0
Who invented the dynamo? 1
When was Vasco da Gama born? 1
What is the fruit harvested from apple tree? 0
How many days has a year? 2
When was the first linux distribution made? 0
What was the nationality of Ferenc Puskás? 1
In which year died Freddy Mercury? 1
How many centimetres are one inch? 0
When do we celebrate new year’s eve? 0
Which is the fastest animal? 1
Who painted Mona Lisa? 1
Who wrote Gone with the wind? 1
Who wrote the ”Lord of the rings”? 1
What is the name of the portuguese prime-minister? 1
Who killed Darth Vader? 0
Who is the writer of Noddy books? 1
What is the last season of Lost? 0
How old was Socrates when he died? 1
Who is the tallest man in the world? 1
What is the name of Harry Potter’s mother? 0
Who wrote Harry Potter? 1
How many wives did Henry VIII kill? 1
What is the capital of Lithuania? 1
How tall is Big Ben? 1
How old is Manuel de Oliveira? 1
What is Manuel de Oliveira’s age? 0
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is able to learn how to rewrite a question, in a way that allows the system to retrieve passages which

are very likely to contain an answer, thus easing the answer extraction task. To do so, our algorithm

requires only two seed question-answer pairs as input, as well as a natural language parser.

Contribution 3 We showed how to leverage the use the combination of DBpedia and Wikipedia to ex-

tract answers for non-factoid questions, such as DESCRIPTION:DEFINITION and HUMAN:DESCRIPTION.

Contribution 4 A wide range of strategies to extract candidate answers from relevant passages, rang-

ing from handcrafted regular expressions to automatic machine learning-based named entity recogniz-

ers. In particular, we developed a novel approach to extract candidate answers, which makes use of

WordNet’s hyponymy relations to construct an online exact dictionary matcher, which allows the sys-

tem to support a wide range of question categories.

Contribution 5 A three-step answer selection algorithm, which first filters irrelevant candidate an-

swers, then clusters together the remaining, so that similar candidate answers are considered as one

(with a combined score), and finally selects the candidate answer with highest score, using a simple

heuristic to settle ties.

7.2 Conclusions

In this work, we have presented a multi-faceted approach to web question answering, with a special

focus on machine learning techniques. We have proposed several techniques for each component of the

developed system, some of which are novel in the question answering field. These techniques have also

proved to be very effective for question answering.

From the results of this work, we conclude that is indeed possible to successfully apply machine

learning techniques in every component of a question answering system. However, it is also worth

mentioning that machine learning techniques are not enough by themselves and, in order for them to be

really effective and to achieve over-the-top results, they need to be complemented with natural language

processing techniques.
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