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Abstract
Answer types are very useful information in question answering. After deciding answer types,
a QA system can easily select answers only from those candidates which match the answer type
in the documents. This project report proposed three models to automatically find answer
candidates, including Self-Evident Noun Phrases, WordNet Descendants, and Corpus Candidates.
Among the testing questions, fusion of these three models proposed correct answer candidates
over half of the questions. Besides, we also consider question answering in context task.
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1 Introduction

In recent years, question answering has become a popular research topic. Since 1999, TREC
QA-Tracks (Voorhees, 2001) provided important evaluation test beds to develop question
answering systems. There have been 1,893 questions, together with their correct answers found
in the document set, as well as the surrounding text of the answers.

Answer type is important information used among most teams in TREC QA-Tracks. QA
systems first analyze input questions and decide which types of answers are required. For
example, if we know that a question is asking for a person, it would be better to report a personal
name as an answer.

Because answer types cannot be enumerated completely, it is impossible to list al the
answer types and design an answer candidate extractor for each type. In this project report, we
propose three models to extract answer candidates automatically from the corpus based on
information fusion.

2 Answer Typesand Candidates
Each participating team of TREC QA-Tracks has its own answer type classification. Harabagiu
et al. (2001) encoded 38 answer types in an ANSWER TAXONOMY. Hovy et al. (2001)
defined 140 types in the Webclopedia project. These answer types are mostly named entities,
such as persons, countries, dates, plants, etc. The participants have to implement an answer
candidate extractor, or a named entity identifier, corresponding to their own answer type
classification. Here are some examples taken from TREC QA-Track questions with their
possible answer types attached at the end:

Qo71. How tall isthe Gateway Arch in St. Louis, MO? [LENGTH]

Q998:  What county is Phoenix, AZ in? [COUNTY]

Q1228: What isthe melting point of gold? [TEMPERATURE]
When the answer type of a question is decided, a QA system finds out all occurrences of terms
which match this answer type, and considers them as answer candidates. The QA system will
rank these candidates, and propose the most proper answer candidates will be proposed.

Answer types can be divided into two classes — say, named entities and entity sets. For
named entities, we want to know the name given to a specific entity, such as “Canada” (a
country), “Venus’ (a planet), or “Titanic” (a ship), etc. For entity sets, what we want is a
concept denoting a set of entities, such as duck (a kind of bird), rose (a kind of flower), or



dictionary (akind of book), etc.

Answer candidates of the first class are often identified by named entity recognizers for the
pre-classified answer types of each QA system. Candidates of the second class need some world
knowledge to capture. One possible resource is WordNet, which includes the hierarchy of
entities. To answer questions like “What kind of bird can ...?”, any descendant of “bird” in
WordNet can be regarded as answer candidates.

In fact, not all of the questions can be classified into pre-defined answer types. In the
named-entity class, there are so many entity types which can be named that it is not easy to define
all possible named-entity sets, not to mention to design a system to identify them al. In the
entity-set class, not al terms in the world are collected in WordNet (e.g., “birthstone” in TREC
guestions). Besides, the knowledge collected in WordNet (Fellbaum, 1998) is absolute
hypernymy/hyponymy relationship. For example, WordNet does not provide relationship
between “habitat” and “ mature tree” in the following example:

Q217: What is the habitat of the chickadee?

Ans: oak tree, mature tree, meadow, ...
Hyponyms of “habitat” in WordNet 1.7 is “habitation”, which has two hyponyms. “aerie, aery,
eyrie, eyry” and “lair, den”. Maybe the information “oak trees can be a habitat” is collected in
some knowledge base, but we do not know whereit is.

3 Information Fusion
In question answering, there may exist a single piece of text which offers the information needed
to answer a question. In such a case, we can extract the answer directly from the text. For
example:

Q894: How far isit from Denver to Aspen?

Ans. 204 miles

Text: Aspenis 204 milesfrom Denver.
In the above example, this single passage explicitly mentions a DISTANCE-QUANTITY, and its
end locations are Aspen and Denver, which exactly matches question Q894.

But there may not always exist sufficient information in a sentence to answer aquestion. A
QA system may have to gather together pieces of information scattering in different documents or
different piecesin a document in order to find the answer.

Information fusion is the process to handle pieces of information from different documents
to answer a question. Sometimes the answer selection is decided from multiple pieces of texts.
Sometimes there are more than one answer found in the corpus, but we have to decide whether
these answers are exclusive, individual, or to be combined. Here are some examples that
information fusion has to deal with:

(1) From multiple passages to one answer
A question can be decomposed into two or more than one sub-question.  For example,
Q: Wherewasthefirst president of the United States born?
It can be decomposed into two sub-questions: “WHO was the first president of the United
States’, and “WHERE is his birthplace”. It is possible that the answers for the first
sub-question may appear in many documents while the answer for the second sub-question



appears in other documents.

(2) Contradictory answers

When different answers are reported, they may be contradictory. The most significant case
is news stories for the same event reported in different time.  For example,

Q: Who murdered Mary?

D; (in 1996): John was judged guilty for murdering Mary.

D, (in 1997): The police found new evident that Tom murdered Mary.
For QA systems, “John” and “Tom” are both effect answers from their surface texts. But
thereis only one true answer to this question, which is* Tom”.

(3) Individual answers

Sometimes different answers are individually correct.  For example,
Q378: Who is the emperor of Japanese?
The name of any previous Japanese Ten-On will be considered as a correct answer.

(4) Answerswhich have to be combined

There are two kinds of possible cases to combine answers. One is aggregation of quantity
answers. For example,

Q: How many people were killed by cancer in Europe?
A QA system first finds out the death tolls in the European countries, and gives the sum of
these numbers as the answer.

The other case is summarization of multiple passages. Questions asking for opinions,
methods, status, or procedures often require longer answering passages. Texts extracted
from different documents contain redundant or novel information which has to be removed or
added before being reported to users.

Cases 2, 3, and 4 can be regarded as “answer fusion”, because the fusion is mainly done on

answer part.  In Case 1, information fusion is used to resolve question terms and helps to detect

correct answers in the next step.

4 Automatic Answer Candidate Selection

4.1 What-Question Type

For 5W1H questions, the targets for who, where, and when are clearer than those of the other
three. The answer for how-question is non-entities, so that it is not major focus of this project
report.  The following only considers what-question and which-question.

1.

There are four cases of what-questions:
“What X VP?” or “N V what X?"
E.g. Q427: “What culture developed the idea of potlatch?”
E.0.Q934: “Material called linen is made from what plant?”
Answer candidates are those which are X’s, such as cultures or plantsin this example.
“What be the X-NP?”
E.g.Q586: “What is the chemical symbol for nitrogen?”
Answer candidates are those which are X's, such as chemical symbolsin this example.



3. “What” alone as a subject or an object where its main verb is not be-verb
E.g.Q552: “What caused the Lynmouth floods?”
Its answer type does not directly appear in the question.
4. DIFINITION guestions
E.g. Q600: “What is typhoid fever?”
Answers to such questions are definitions or descriptions.
In this project report, we experimented on only the first and the second cases. For the fourth
case, i.e, DIFINITION questions, no answer candidates are needed to answer a question.
Instead, gloss information or definition pattern is more helpful.  For the third case, one possible
way to find answer candidates is to gather all the terms as subjects (or objects) of this main verb.
It remains future work and is not discussed in this project report.
For the first and the second cases, answer candidates are those which can be X’s. If Y is
the answer to a question Q “What X does something?’, the information of “Y isan X” and “Y
does something” may not appear in the same passage, even not in the same document.
Information fusion is needed to gather these pieces of information together in order to answer
such questions.
Our idea of answer candidate selection by information fusion is: find instances of X in a
knowledge base; assign Y as one of the instances and check if “Y does something”. If so, this
instance is reported as an answer.  Instances finding procedure is described in Section 5.

4.2 Question Focus

For a which-question or what-question in the first and the second cases, our system first identifies
its X part, which isreferred as “ question focus’ by Harabagiu et al (2000). We use thisterm but
with dlightly different meaning.

After syntactic parsing, if the word “what” or “which” aloneisan NP, then it isin the second
case and our system extracts the noun phrase after the be-verb as its question focus. If “what”
or “which” is in a noun phrase with other words, it isin the first case and our system assigns its
guestion focus as the noun phrase which “what” or “which” isin, but excludes the word “what”
or “which”.

Because it does not guarantee that we can find at least one instance of this question focus in
the knowledge base, we have to relax the range of focusif necessary. Other possible foci are the
head noun phrase of the question focus, and the remaining phrase with removing leading article,
attaching propositional phrase, or any modifier. If the question focus is in the form of “kind of
NP”, “type of NP”, or “name of NP”, etc., possible focus is the noun phrase after “of”.

In the following example, a question and its possible foci are demonstrated in sequence:

Q254: What is Cdlifornids state bird?
Foci: Californids state bird
state bird
bird

4.3 Corpus Candidates
DIFINITION Instances
In order to find instances of an entity set, we adopted DEFINITION patterns from Ravichandran



and Hovy (2002), and from Soubbotin (2001). DEFINITION questions are a special group in
guestion answering. Such a question asks for a definition of a term, or a description of a
specific person or entity.

In Ravichandran and Hovy’s system, they made experiments on six question types. One of
the six question typesis DEFINITION. They collected pairs of questions and the corresponding
answers as examples, and automatically learned their co-occurrence patterns in the knowledge
base. Some example DEFINITION patterns are listed below:

<NAME> -LRB- <ANSWER> - -RRB-
<NAME> and related <ANSWER>s
<ANSWER> -LRB- <NAME> -COMMA-
in which <NAME> denotes a question term, and <ANSWER> the corresponding answer part.

Soubbotin also used DEFINITION patterns, but they made them manualy. Some

examples are:

<NAME> isa<ANSWER>

<ANSWER> -COMMA- <NAME> -COMMA-

<NAME> is called <ANSWER>
The reason that we use definition to find instances is: for instances of an entity set, the name of
the entity set is just like the definition of the instances. Unlike the usage of these patterns in
finding answers of DEFINITION questions, this time <ANSWER> part (the DEFINITION part)
in the patterns is known (the entity set), and we' d like to extract <NAME> part as instances.

Syntactic information is integrated into these patterns. Since answers are mostly entities,
we forced the extracted <NAME> parts to be noun phrases (NP) or quantitative phrases (QP).
We extracted the minimal noun phrase if there is no other text to the left or right of the <NAME>

tag.

Equivalent I nstances

In some cases, the name of the entity set is not the best definition of its instance. Moreover, it
may not be an appropriate definition of the instance. For example, “oak tree” can be an instance
of “habitat”, but the definition of “oak tree” is “a deciduous tree that has acorns and lobed
leaves’.

To capture such instances, we further extracted equivalent entities in the knowledge base.
That is, if any form of “AisB” appeared in the corpus, than we thought A could be an instance of
B, or vise versa B could be an instance of A. Again, during extraction, A or B was restricted to
an NPor QP.

4.4 Answer Candidates Selection Models
We experimented on three models to find answer candidates automatically. They are:
(1) Model A: Extracting Self-Evident NPs

If an NP's head is the same as the question focus, it is regarded as an answer candidate.

E.g. QFocus:. artery

AnsCand: pulmonary artery

(2) Model B: Looking for WN Descendants

If aterm is a descendant of the question focus in WordNet, it is considered as an answer



candidate.
E.g. QFocus: color
AnsCand: red
WN: red, redness
=> chromatic color, spectral color...
=> color, colour, ...
(3) Model C: Extracting Cor pus Candidates
If a term in the corpus matches one of the DEFINITION patterns, or an equivaent
relationship (A isB) isfound, it is considered as an answer candidate.
E.g. QFocus. elephant
AnsCand: Loxodonta Africana
Pat: LoxodontaAfricana (African el ephants)

5 Experiment

5.1 Experiment Design

We used question sets provided by TREC QA-Tracks from TREC-9 to TREC-2000. We chose
what- and which-questions, but dropped those which were asking persons, countries, cities, time,
and quantity. This is because the answer candidates of these questions can be provided by a
common named entity recognizer. After filtering out questions with no answer in TREC
QA-Tracks, 251 gquestions were selected to do the experiment.

Question foci were half-automatically decided. We first parsed al the selected questions
by ApplePie Parser, then decided its what-question type as described in Section 4.1, and extracted
the focus part together with all of its sub-NPs. Human effort was introduced to check errors
produced by the parser in order to focus on only answer candidate problems.

When implementing Model A, top 1,000 documents of a given question were retrieved and
served as a corpus to extract self-evident noun phrases related to this question. Each noun
phrase with the head the same as one of the foci of the question was collected as an answer
candidates. We aso tested on smaller corpus, only top 100 documents, to see the coverage.

To evaluate Model B, we used the formal answers provided by TREC QA-Tracks. For a
given question, we checked if one formal answer was a descendant of the question focus in the
WordNet. If so, this question was counted as “covered”, because all the WordNet descendant
entries were regarded as answer candidates.

The corpus of Model C was created by querying Google'. Each question focus was
submitted as a query to Google, but forced it to only retrieve documents containing the whole
phrase if the question focus had more than one word. We retrieved the first 10,000 sentences
containing the question focus in the top 1,000 documents. Each sentence in the retrieved corpus
was matched against the DEFINITION patterns described in Section 4.3.  If matched, the noun
phrase in the <NAME> part and al its sub-NPs were extracted as answer candidates.
Equivalent relationship was also examined.

! Google: http://www.google.com/



52 Result
The results are listed in Table 1.  Self-Evident NPs (Model A) cover 62 guestions in top 100
documents, and 85 in top 1000 documents. WordNet Descendants (Model B) cover 59
guestions. Google Candidates (Model C) covers 54 questions.

The fourth column lists the coverage of combined models, where “A+C” denotes he
combined model of Model A and C, and so on.

Table 1. Coverage of Modéels (in Numbers of Questionswith Correct Answer Candidates)

Self-Evident NPs (top 100) 62 A+C 113
Self-Evident NPs (A) 85 B+C 92
WordNet Descendants (B) 59 A+B 120
Google Candidates (C) 54 A+B+C 137

5.3 Discussion
Interestingly, even though self-evident NPs alone have the largest coverage, these three modelsin
fact cover different set of questions. Therefore, they can be good complements to one another.
Many descendants in WordNet do not contain the same words as their ancestors, while many
self-evident noun phrases are not collected in WordNet, especially those named entities. The
model of Google candidates can extract named entities or senses not self-evident and not
collected in the WordNet. Some examples are listed below. Each of them was extracted in
only one model.

Q254: What is Californids state bird?

A: quail (WordNet Descendants)

Q261: What company sells the most greeting cards?

A: the Hallmark card company (Self-Evident NPs)

Q355: What is the most expensive car in the world?

A: Bugatti Royale (Google Candidates)
The combined model of Model A and C covers 113 questions, and the combined model of Model
B and C covers 92 questions. This means that model C does improve the coverage of answer
candidates comparing to the coverage of Model A or B aone. Finaly, the combined model of
all three models covers 137 questions, which are more than a half of the testing questions.

The result of Model B is not exactly the performance using WordNet, because the formal
answers provided by TREC dropped the words already occurring in the questions. For example,
the answer of Q 1256: “What is the only artery that carries blue blood from the heart to the
lungs?” is“pulmonary artery”, which is a descendant of “artery”. But the given formal answer
is “pulmonary”. Even so, the missing coverage of WordNet is the set of self-evident phrases.
It does not affect the coverage of combined model too much.

There are many possible reasons of the low coverage of Corpus Candidates. Oneisthat we
only match patterns in top 1,000 documents. Many extracted candidates are redundant,
especially those frequent entities.

The performance of DEFINITION patterns in this experiment is not yet clear. It was often
that erroneous noun phrases were extracted. For example, one of the apposition patterns,
“<NAME> -COMMA- <ANSWER> -COMMA-" is often mixed with the conjunction case.



Further investigation of these patterns is necessary.

6. Context Task
Besides selection of answer candidates using information fusion, we aso consider the context
task. A series of questions are submitted, which are somewhat relative to the previous questions.
For example, in Question CTX1:
a.  Which museum in Florence was damaged by a major bomb explosion in 19937?
On what day did this happen?
Which galleries were involved?
How many people were killed?
Where were these people located?
f.  How much explosive was used?
Question CTX1a asks the name of the museum. Question CTX1b continues to ask the date of
the event mentioned in Question CTX1a, so this question and its answer are important keys to
Question CTX1b. Question CTX1c asks more details of Question CTX1a, but irrelevant to
Question CTX1b. So is Question CTX1d. But Question CTX1e refers to both Question
CTXlaand CTX1d. We can draw adependency graph of this series of questions as below:
CTXla «——o— CTX1b

® oo o

F— CTXic
— CTX1d ~ CTX1e
L— cTxif

If a question is dependent on one of its previous question, it is obvious that the information
relative to this previous question is also important to the present question. Thus the system has
to decide the question dependency.

We proposed a simple strategy to judge the dependency. Because the first question is the
base question of this series, every subsequent question is dependent to the first one. After
reading a question, if there is an anaphor or a definite noun phrase whose head noun also appears
in the previous question, we postulate that this question is dependent on its previous question.

Next issue is that how we can use the dependency information in finding answers as well as
its context information. After answering a single question, the system has located some
answering candidates together with documents and segments of texts in which these candidates
appear. Such information can be used to answer its subsequent dependent questions, as well as
the keywords of the question itself. Note that context information can be transitive. In the
above example, Question CTX 1e consults the information that Question CTX1d itself owns, and
Question CTX1d refersto, i.e., Question CTX 1a.

In our experiment, we only consider the keywords and their weights as the context
information.  Furthermore, we assign the lower weights to the keywords in the context
information so that the importance of recent keywords cannot be underestimated. The answers
to the previous question remain their weights because they are new information. The question
typeis decided by the present question.

The accompanying issue is that how confident an answer is included in the context
information. This is because we may find the wrong answers in the preceding questions and
those errors may be propagated to the subsequent questions. Moreover, do these five answers



have the same weight? Or we trust the answers of the higher ranks than those of the lower ones,
or only the top oneis considered.

These issues are worthy of investigating, but not yet implemented in the experiment of this
year. We assign weights to the previous answers according to the following equation:

weight(x) = weight_NE(x) x /(6 - rank(x))/5 x weight_PreAns(x)

where weight NE(X) assigns higher weight if x is a named entity; rank(x) is the rank of x, and
weight_PreAns(x) is a discount to the previous answers because they may bewrong. The square
root part tries to assign higher weights to the higher-ranked answers.

Because only relevant documents to the first questions are provided, and we do not
implement an IR system on TREC data, we cannot do a new search when answering the
subsequent questions.  Our solution is to search the same relevant set of the first question.

We submitted onerun thisyear. Its main algorithm followed the first run of the main task.

Thereis still no formal evaluation of thistask. The MRR of all 42 question of our result is
0.139. 4 of the first questions are correctly answered. Answers of at least one of the
subsequent questions can also be found in each of these 4 series.  Only one of the seriesis fully
answered.

7. Conclusion and Future Work

In this project report, we investigated the coverage of different answer candidate extraction
models. We also proposed a method to extract candidates from a large corpus. The extraction
was based on the idea of information fusion, and patterns were employed to detect possible
candidates.

The results of our experiments show that the three models, i.e., Self-Evident Noun Phrases,
WordNet Descendants, and Corpus Candidates, have their respective coverage, and they can
complement one another.

In the future, the extraction patterns of Corpus Candidates should be more carefully
investigated. We will aso try to find out new patterns to capture those un-answered questions.

The detection of answer candidates is very time-consuming. It will be great if such
detection can be done in indexing time of IR system, and the relationships between foci and
candidates can be kept in theindex. It isso called QA-based indexing mentioned in Hirschman
and Gaizauskas (2001).
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