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Factoid question answering is the most widely studied tasjuestion answering. In this paper,
we survey several different techniques to answer extnadiio factoid question answering,

which aims at accurately pin-pointing the exact answer imieged documents. We compare
these techniques under a unified view, from the perspectitteecsources of information that

each model uses, how they represent and extract these mfiormand the model they use
for combining multiple sources of information. From our quarison and analysis, we draw

conclusions of the successes and deficiencies in past agf@saand point out directions that
may be interesting to future research.

1. Introduction

Question Answering (QA) is a fast-growing research area lthiags together research from
Information Retrieval, Information Extraction and Natukanguage Processing. It is not only
an interesting and challenging application, but also tbbrt#gues and methods developed from
guestion answering inspire new ideas in many closely rélateas such as document retrieval,
time and named-entity expression recognition, etc. The tigse of questions that research
focused on was factoid questions. For example, “When was X®pfIn what year did Y
take place?”. The recent research trend is shifting towaodencomplex types of questions
such as definitional questions (biographical questions sisc“Who is Hilary Clinton?”, and
entity definition questions such as “What is DNA?"), list qiess (e.g. “List the countries
that have won the World Cup”), scenario-based QA (given atdiescription of a scenario,
answer questions about relations between entities meutiam the scenario) and why-type
questions. Starting in 1999, an annual evaluation traclkuestion answering systems has been
held at the Text REtrieval Conference (TREC) (Moorhees 2@003b). Following the success
of TREC, in 2002 both CLEF and NTCIR workshops started modilal and cross-lingual QA
tracks, focusing on European languages and Asian langueggsctively (Magnini et al. 2006;
Yutaka Sasaki and Lin 2005).

The body of literature in the general field of QA has grown sgdaand diverse that it is
infeasible to survey all areas in one paper. In this litemateview we will focus on techniques
developed for extracting answers of factoid questionsrd bee several motivations that drive us
to choose this particular area.

First of all, there exist clearly defined and relatively unizoversial evaluation standards for
factoid QA. For some other types of questions such as deiinguestions, although there has
been some emerging standards (Voorhees 2003a; Lin and Bémskeman 2005), evaluation
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has remained somewhat controversial. In factoid QA, theresually only one or at most a few
correct answers to a given question, and the answer in mess$ ¢aa single word token or a short
noun phrase. The system returns one or more ranked answdidates for each question, and
they are judged manually for correctness. In TREC and CL&th enswer candidate is assessed
as (Magnini et al. 2006):

1. correct: if neither more nor less than the informatiorurezg by the question is
given. The answer needed to be supported by the docid of themnt(s) in
which the exact answer was found, and the document has tddvame

2. unsupported: if either the docid was missing or wronghersupporting snippet
did not contain the exact answer.

3. inexact: if contained less or more information than tleguired by the question
(e.g. if question asks for year but answer contains both gedmonth).

4, incorrect: if the answer does not provide the requiredrinftion.

The “supported” evaluation criterion is not as straightafard as it appears to be. There is a
grey area as to whether an answer should be assessed asrtedppten it matches the correct
answer text and also appears in the correct document bubtiiext in which it appears does not
give enough information to support the answer. For exanspigpose the answer to the question
“Which US president visited Japan in 2004?" is “George Buslet. us assume that the correct
document contains two occurrences of “George Bush”, aslioft8/ after George Bush won the
2004 election, he departed US for a South-East Asia towand”in “On May 25th, George Bush
arrived at Narita Airport and started his first visit to Japdnin this case, if we were shown only
the first snippet, we cannot tell that George Bush is the answtbe question, and therefore the
first occurrence of the string “George Bush” should not besssd as an answer. But in current
QA evaluations, as long as the answer string appeared irel&éeant document, it is judged as
correct.

At the end, topl and top5 accuracies and Mean Reciprocal R&RR) scores are reported
for correct and correct+unsupported answers. TopN acgwfamorrect answers is calculated as
the number of questions in which at least one of the top N ansamdidates is correct, divided
by the total number of questions.

MRR is calculated as:

1Y 1
MRR= -5 ——
RE N 7,:21 rank(Q;)

whereN is the number of questions andnk(Q);) is the rank of the topmost correct answer of
guestion.

The second reason why we chose to survey factoid QA is bethissask has been widely
studied over the years and there exist a variety of diffebemtinteresting techniques. Last but
not least, performance of the state-of-the-art factoid @stesm for English is still in the low
70% range, it is our belief that there is plenty of room fortler improvement. By reviewing
and comparing existing techniques in answer extractiorhepe to summarize past experiences
and shed light on new areas and directions for future exptora

For readers who are interested in other types of questiahmaitilingual, cross-lingual QA
research, the overviews of the TREC, CLEF and NTCIR QA trgdkerhees 2003b; Magnini
et al. 2006; Yutaka Sasaki and Lin 2005) are good placesitb sta
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Evaluation # of Qs
TREC 8 (1999) | 198
TREC 9 (2000) | 692
TREC 10 (2001)| 491
TREC 11 (2002)| 499
TREC 12 (2003)| 413
TREC 13 (2004)| 231
NTCIRS5 (2005) | 200
CLEF 2006 200

Table1
Summary of the number of test questions in recent TREC, CLEF andRIfr&cks

The rest of this article is organized as the following: in t8et 2, we will give a brief
overview of QA systems. We will introduce the three main medwsually found in QA systems
— question analysis, document retrieval and answer eidracnd explain their functionalities.
Then in Section 3, we will focus on the answer extraction ni@dand closely examine several
answer extraction techniques in the literature. In Sectiowe will draw connections between
the answer extraction techniques that we discuss here and sbthe recent advances in two
other related areas — Textual Entailment and Zero-anagResalution. In Section 5 we will
point out some future directions that we think will be intgreg to future research. Finally we
will give a conclusion in 6.

2. A Brief Overview of QA systems

In a QA evaluation track, each system is given a documergciidin, a set of training questions,
a gold-standard answer set, and a set of testing questibesddcument collection consists of
newswire articles collected from one or multiple news agesover usually a couple of years.
In most cases, these collections contain several milliGudents. The training set consists of
questions taken from past years’ test sets plus some amalittmes. Both NTCIR and CLEF
give a pre-defined list of question types. In CLEF, the typesRerson, Organization, Location,
Time, Measure and Others; in NTCIR, the types are: Persgjgrzation, Location, Time, Date,
Money, Percent, Numex (Measure), Artifact. TREC does neelzapre-defined list, but TREC
guestions include all of the above types and more fine-gtatgpes (e.g. TREC has many
questions on “how did X die?”, and it is commonly categorizadMANNER_OF DEATH).
The distribution of these types varies from year to year, thaete are usually more Person,
Organization, Location and Date (Time) questions thanrdifpes. It is worth noting that to the
best of our knowledge, all QA systems in the literature uggestised-learning methods to train
their models, and therefore the amount of training data regraficant impact on the system’s
performance. In recent TREC QA tracks, the number of fadraiithing questions has increased
to a couple of thousand. The number in NTCIR and CLEF has Hgaifisantly smaller, usually
only a few hundred. It could be a potential reason why the $egems in NTCIR and CLEF do
not have nearly as high accuracy as the systems in TREC. $torgewe have summarized the
different test set sizes in recent TREC, NTCIR and CLEF sankiable 1.

A typical QA system usually employs a pipeline architectia chains together three main
modules:
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e Question analysis module: this module processes the queamalyzes the
question type, and produces a set of keywords for retri®epending on the
retrieval and answer extraction strategies, some queatiatysis module also
perform syntactic and semantic analysis of the questiarth, as dependency
parsing and semantic role labeling.

. Document or passage retrieval module: this module takelseyweords produced
by the question analysis module, and uses some search eagiagorm
document or passage retrieval. Two of the most popular kesngine used by
many QA systems are Indri (Metzler and Croft 2004) and Lucene

e Answer extraction module: given the top N relevant documenpassages from
the retrieval module, the answer extraction module persadetailed analysis and
pin-points the answer to the question. Usually answer etittamodule produces
a list of answer candidates and ranks them according to sooneg functions.

In some systems, there are additional modules that provitta &inctionalities. For example,
guery expansion using external resources (e.g. the Wefigisperformed since questions can be
quite short (e.g. When did Hitler die?), and thus only by tgkieywords from the question may
not yield enough contextual information for effective ietal. Another commonly employed
technique is called answer justification or answer projeciSun et al. 2005b). The answer
justification module either takes the answer produced byylséem and tries to verify it using
resources such as the Web, or it uses external databasdmokobwledge sources to generate
the answer, and “project” it back into the collection to fihe right documents.

3. Answer Extraction by Structural I nformation Matching

In this section, we will closely examine several answeramtton techniques. At a high abstrac-
tion level, different answer extraction approaches candseribed in a general way. They find
answers by first recovering latent or hidden informationtmduestion side and on the answer
sentence side, and then they locate answers by some kindicfuse matching.

Under this generic view, we will focus our discussion arothmifollowing questions:

e  What sources of information are useful for finding answers?
e  How do we obtain and represent useful information?

e  How do we combine multiple information sources in making died decision?
3.1 Identifying useful information for extracting answers

Before we examine specific methods and models for extraetivsgvers, it is worth spending
some time to think about what kind of information is usefuh&lping us finding answers. Early
TREC systems focus on exploiting surface text informatigretther hand-crafting patterns or
automatically acquiring surface text patterns (Soubbaxich Soubbotin 2001; Ravichandran and
Hovy 2002). There are a few shortcomings of this approaaist Bf all, manually constructed
surface patterns usually give good precision but poor kesithough automatic learning of these
patterns explicitly address this issue (Ravichandran amg/2002), low recall is still identified
as the major cause of bad performance in many pattern-b@gedahes (Xu, Licuanan, and

Ihttp://lucene.apache.org/
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Weischedel 2003). One solution to this problem is to comigiatterns with other statistical
methods. For example, Ravichandran, Ittycheriah and Ro(R003) first extracted a set of
22,353 patterns using the approach described in (Ravicharahd Hovy 2002), then they used
a maximum-entropy classifier to learn the appropriate wsigh these patterns, on a training
set that has 4,900 questions. Another problem as discugdeavichandran and Hovy (2002) is
that surface patterns cannot capture long-distance depeias. This problem can be addressed
by recovering syntactic structures in the answer sentematesenhance the patterns with such
linguistic constructs (Peng et al. 2005).

Another source of information that is used by almost all tjoesanswering systems is
named-entity (NE). The idea is that factoid questions falh iseveral distinctive types, such as
“location”, “date”, “person”, etc. Assuming that we can ogaize the question type correctly,
then the potential answer candidates can be limited downféawa\E types that correspond
to the question type. Intuitively, if the question is askfiog a date, then an answer string that
is identified to be a location type named-entity is not likedybe the correct answer. However,
it is important to bear in mind that neither question typessification nor NE recognition are
perfect in the real world. Therefore, although systems camefit from having fewer answer
candidates to consider, using question type and namety-¢atrule out answer candidates
deterministically (Lee et al. 2005; Yang et al. 2003) can bertful when classification and
recognition errors occur. We will survey models that use Nferimation in combination with
other sources of information in Section 3.3.

The aforementioned two types of information — sentenceasarfext patterns and answer
candidate NE type — both come from the answer sentence digeofily information we have
extracted from the question side is the question type, wisiaked for selecting patterns and NE
types for matching. The structural information in the gimssentence, which is not available
in inputs in many other tasks (e.g. ad-hoc document retjielras not yet been fully-utilized.
Recognizing this unique input source information, theneeHaeen many recent work on finding
ways to better utilize structural information, and we walirew them next.

3.2 Structural Information Extraction and Representation

Only recently have we started seeing work demonstratingifsignt performance gains using
syntax in answer extraction (Shen and Klakow 2006; Sun @08I5a; Cui et al. 2005). As Katz
and Lin (2003) pointed out, most early experiments thatltteebring in syntactic or semantic
features to IR and QA showed little performance gain, anémoftesulted in performance
degradation (Litkowski 1999; Attardi et al. 2001). (Katzidrin 2003) suggested that one should
use syntactic relations selectively only when it is helpfual their paper, they identified two
specific linguistic phenomena, namely “semantic symmegmti “ambiguous modification”,
and derived ternary expressions such as “bird eats snakk*largest adjmod planet” from
dependency parse trees. On a small hand-selected testatebtisists of 16 questions, they
showed that using ternary expressions for semantic indetid matching achieved a precision
of 0.84 + 0.11 while keyword based matching achieved o0l29 + 0.11 in precision. Another
case of selectively using syntactic features is the workilf2@03). In her work, six syntactically
motivated heuristic factors were employed:

1.  the size of the longest phrase in the question matchee iarthwer sentence.

2. the surface distance between answer candidate and theverhiin the answer
sentence.
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3. for “PERSON?” type questions, a Boolean feature indicatiesther the syntactic
relationship (either “passive” or “active”) between thesamrr candidate and the
main verb is the same as the relationship in the question.

4.  for “LOCATION” type questions, check the presence of gss#/e construct.

for “PERSON?” type questions, check if both the answer @datd and all question
keywords fall inside a adjective noun phrase.

Li (2003) tested these factors on the TREC-9 questions, howed a 7.8% improvement over
the baseline systems. A set of linguistically motivatedagtic patterns were also used in IBM’s
QA system for TREC-10 (lttycheriah, Franz, and Roukos 20Thg three types of linguistic
constructs listed in their paper are:

1. Is-relationship: a feature that activates when the ansamdidate is the subject or
object of a “be” verb.

2. Apposition: a feature that activates when the answeridatelis followed or
preceded immediately by a comma

3. Subject-Verb/Verb-Object: a feature that activatesmthe answer candidate is
the subject or object of a non-stopword verb.

A very similar set of linguistic features were also used iar(@et al. 2005) for definitional QA.

To use syntactic and semantic structural and relationatindtion, there is also a question of
what granularity level we should represent these relatibmge were to perform exact matching
of the syntactic relations between question sentence avdsisentence, we should have directly
compared the syntactic sub-tree that contain keywordsdfdnrboth sentence and also the
guestion word and answer candidate word. But as often nihtizech a direct comparison results
in severe data sparsity. Researchers have taken diffgypraaches to reduce the data sparseness
problem by transforming the syntactic or semantic relation

Sun et al. (2005b) computed semantic similarities betwleeptedicate-argument structures
in the question and in the answer sentence. Instead of camgpaach argument position
separately, they ignored the difference between argunypesst and used Jaccard coefficient
to measure similarity between the sets of words that fortectguments in the question and in
the answer sentence.

In an earlier work, (Sun et al. 2005a; Cui et al. 2005) compimilarity between two
dependency parse paths by first decomposing the paths wtitadinal links, and then find all
possible alignments between link fragments, and compuetentitual information between any
pair of dependency link. The formula they gave was:

; S Q A
SZ'(TL(PQ, PA) - 1+len(P;)len(PA) argma qll_possible_alignment Zi,j MI(R@ZZ aRelj )

and the mutual information between a pair of dependency livks defined as:

MI(Rely, Rely) = log —%&j{f)’f}; ’(’};j;f)

where fo(Rel) and f4(Rel) represent the count of Rel in the question and answer sentenc
respectively.d(Rely, Rely) is 1 whenRely and Rel; appear in a question answer sentence
pair, a is inversely proportional to the number of relation pairs ¥ehich § is 1. Note that
the claimed that this is a Mutual Information measure is ttelifar-stretched. Thé term is
not a marginal joint probability ofRel, and Rel;, and thefy and f4 terms are measured
over different distributions (questions and answer sar@en This heuristic is closer in form
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to Pointwise Mutual information (PMI), which is defined owedues of random variables (if we
think of a link as a random variable and the link types as \&lue

Instead of iterating over all possible alignment to compthe argmax, Shen and
Klakow (2006) adapted the Dynamic Time Warping algorithralfiRer, Rosenberg, and Levin-
son 1978) for finding the best alignment with variable segriergth but keeps the monotonicity
of the aligned sequences. They used the same PMI-like tielretween dependency links as a
measure of similarity, but the final scoring of a pair of deghemcy path also takes into account
phrase mapping scores of the words at the ends of the patlabliig to use stemming, synonym
expansion and other form alternation techniques for apprate matching of words gained them
more robustness and higher recall.

In an earlier work by Shen et al. (2005), a tree kernel fumcti@s used to compute the
similarity between two dependency parse trees. They useamhstituent parser to derive the
syntactic parse tree, and then transform it into a dependesrse tree using hand-written rules.
For each node in the dependency tree, they incorporated &0i8entity features, syntactic tag
identity features, orthographic features (e.qg. is the wapitalized?) and role features (is this
word the answer candidate, or a question keyword?). Pardsthing using tree kernels showed
a good increase in matching coverage (from 24.32% coversigg exact matching to 49.94%
coverage using tree kernels), but the accuracy increasenagginal (a 3% relative increase in
topl accuracy).

In decomposing a dependency path and sum over the singtakigtween individual links,
we lose the order information encoded along the path. Bourah €005) presented a method
that tries to find equivalence relations between dependeatlys directly in a QA system
for Dutch language. They implemented about 13 equivalentss that captures dependency
relations that expresses the same semantic meaning busligith variation in forms.

If Bouma et al. (2005)’s approach represents the fine-gdaéne of the granularity spectrum
in using dependency link structure, then the method prapaséPunyakanok, Roth, and Yih
2004) is analogous to the coarse-grained end. They meathaeaimilarity between a question
and an answer sentence by computing the tree edit-distdribe two dependency parse trees.
Compared with a baseline system using only bag-of-wordifeat their method showed a 39%
relative increase in finding the correct document. Notettigit system only finds the documents
that contain answer, but does not pin-point the answergstiianev et al. (2005) borrowed the
idea and used tree edit-distance as similarity measurerfdrdihswer strings in an Italian to
English Cross-lingual QA system. However, their result \#lesomewhat disheartening. They
only achieved an accuracy of 5.8% using the tree edit-distapproach.

3.3 Modésfor combining multiple sources of information in answer scoring

Nearly all QA systems use evidence from multiple sourcestidd what the best answer is for
a given question. Therefore inevitably, we need to defineesmmodel or some scoring function
to combine different sources of evidence. Lee et al.(2008) diecided the NE type of answer
candidates based on the question type, and then rankedrasavdidates based on four types of
evidence:

1. the count of NE types that occurred in the question oaegiiri the answer
sentence, normalized by the number of NE types occurreckinulestion

2. the count of constraints other than NE type constraitdbeurred in the question
occurring in the answer sentence, normalized by the nunflEmstraints
occurred in the question
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3. a pre-set score when the answer candidate string conlt@ndentified question
focus string

4.  apre-set score the answer candidate string appear imshaeasentence next to a
term that contains the question focus string

Each listed condition will give a normalized score if saéidfiand the final scoring function is
the sum of these scores.

Another example of ad-hoc feature weighting is the TRECs®ey described in (Ittycheriah
etal. 2001). In the answer selection module, the followilsggashce metrics are computed for each
3 sentences window:

1. Matching words: the sum of TFIDF scores of the questiordsappear in the 3
sentence window

2. Thesaurus match: the sum of TFIDF scores of the questiodswhose thesaurus
matching by WordNet appear in the 3 sentence window

3. Mis-matching words: the sum of TFIDF scores of the questiords that do not
appear in the 3 sentence window

4.  Dispersion: the number of words in the answer sentenc®tcar between
matched question words

5. Cluster words: the number of words that occur next to edlodran both the
answer sentence window and the question

Having computed these distance metrics, they used an addwoing function which was not
detailed in the paper to combine these metrics.

Linear sum of feature values with manually selected weights be found in many other
systems (Li 2003; Bouma et al. 2005). Beyond the ad-hoc eatfithese approaches that rely
on manually assigned weights, there are some more sevesbatts. First of all, having to
manually assign weights means that the number of featusesytstem can consider is very
limited. One can hardly hope that weights manually assignea handful of features would
remain meaningful and optimal, not to mention hundreds afifies as were employed in some
systems. Secondly, a system tuned in this way is not likelgite robust performance across
different collections and test sets.

In the TREC-10 IBM system (Ittycheriah, Franz, and Rouko81)(a maximum-entropy
model was used for automatically learning features weightscombining multiple features. In
the maximum entropy model, the probability of the event #trainswer candidaté is correct
given questiorQ) is defined as:

e — O A Lz
p(]} _ C|A,Q) _ _ exp f('r _ 07 768) 9 -
expflr =C,A,Q)-0+expf(x =W, A,Q) -6

Here x is the judgment ofA. It is a binary random variable that can take on values ofeeith
C(correct) orW(wrong). f is a feature vector and are the feature weights. Inputs to their
model were the question and the answer string. The modelr@dyne binary random variable
and therefore inference is very straight-forward. A tofaBd features were used in the system.
They were mainly identity features over named-entity typed certain pre-defined syntactic
patterns. They obtained a 34.5% improvement over the TREZG@m.
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The same MaxEnt model was subsequently adopted by many sfktams and showed
consistent improvement over ad-hoc scoring functions r{Sirel Klakow 2006; Shen, Kruijff,
and Klakow 2005). When Shen and Klakow (Shen and Klakow 2086pohposed dependency
paths into link segments and computed correlation of eagmed link pair using PMI-like
heuristic, they did not sum over the link pairs as Cui et d0&) did. Instead they used each
link type pair as a feature in the MaxEnt model, and learn#fdréint weights for different link
pairs. (Echihabi et al. 2005) used a MaxEnt model to combieregotedictions of three different
answer extraction modules: a knowledge base extractiorulapd pattern-based module and
a statistical based module that models answer extractiog asnoisy-channel paradigm. They
used 48 different types of features in the MaxEnt model, hedd features can be classified into
four main categories:

e  Component-specific: the score and rank output produceddiyiedividual
answer extraction module

e Redundancy-specific: the count of answer candidate in thection, and also the
log and square root of the count

e Qtarget-specific: the combination of some classes of questpe with the score
of individual extraction module

e  Blatant-error-specific: a set of features that aim at elatiirg obvious errors (such
as answers do not contain pronouns)

The final topl score after MaxEnt re-ranking is 47.21%, wthikhighest individual answer ex-
traction module only achieved 35.83% (the knowledge-bas#@dction module). Those results
suggest that automatically learning feature weights isrg géfective technique in combining
multiple sources of evidence.

Shen and Klakow (2006) replicated results of some of the lajiee work in answer
extraction. They compared the performance of different@gghes under the same experimental
set up, which serves as a nice summary of some of the teclinigaehave discussed. The
comparison is shown in Table 2.

4. Connectionswith related areas

All the systems and techniques we have surveyed so far redtlien the QA research domain.
However, we noticed that advances in some other researab bear close proximity to tech-
nigues we surveyed here.

One of the most evident examples is the work in Textual Emtzilt. The task of textual
entailment is to recognize semantic entailment for anyrgipair of sentences. For example,
“no cat talks” entails “my cat doesn't talk”, while “my catlka” does not entail “all cats talk”.
(Haghighi, Ng, and Manning 2005) proposed an approach besepting each sentence in the
pair as a directed acyclic graph, where the nodes are lexiocals and edges are dependency
relations between words. They perform graph matching viderand link alignment, and judge
entailment based on the amount of matched content. At a higtstraction level, this is very
similar to Shen and Klakow (2006)’'s work. Given the quests@mtence and potential answer
sentence as the pair, Shen and Klakow also created two grepfesented by dependency parse
structure. Then instead of taking the full graph, they tduk subgraphs that only contain links
that have the answer candidate node or question word nodeeasral, and perform graph
matching.
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Method Highlights MRR | Topl | Top5
Density (similar to Li 2003) | answer candidate is chosen accofdd.45 | 0.36 | 0.56
ing to surface distance to question

phrases
SynPattern(Shen, Kruijff & automatically extracted syntactic0.56 | 0.53 | 0.60
Klakow 2005) relation patterns; partial dep-parse

tree matching using tree kernel
StrictMatch  (similar  to| strict dependency relation match-0.57 | 0.49 | 0.67
Tanev et al. 2005) ing; correlation score is 1 if the two
relations match exactly, 0 otherwise
ApprMatch (Cui et al. 2005) approximate dependency relation0.60 | 0.53 | 0.70
matching by decomposing dep-path
into link segments; using PMI-like
heuristics to estimate link pair co
relation; sum over link pairs to ge
candidate scores

CorME (Shen & Klakow| approximate dependency relatior0.67 | 0.62 | 0.74
2006) matching as in ApprMatch; use
MaxEnt model to assign differt
ent weights to different link pairs;
incorporate word/phrase mapping
score into path correlation measure

—

Table 2

Comparison of different answer extraction techniques using TRE@33@4estions for training and TREC
04 questions for testing. The experiments assume gold-standardrayping and only documents that
contain correct answers were used as input.

Perhaps even more similar to Shen and Klakow (2006) is th& done by MacCartney et
al. (2006). Instead of judging entailment direcly based maph matching, they treated graph
matching as a first step. Using graph matching results asire=atand together with other
global features such as polarity and antonym features thatdahave not easily fit into the first
step model. They designed a logistic regression classgi¢he second step to make the final
entailment judgment. Shen and Klakow (2006) also took tglymatching results as features,
and used a maximum entropy classifier to produce the finalngrdé answer candidates.

Another example is (lida, Inui, and Matsumoto 2006) on usingtactic patterns in Zero-
anaphora Resolution. The definition of zero-anaphora &ndjy lida et al. is “a gap in a sentence
that has an anaphoric function similar to a pro-form (e.gnpun)”. Examples of zero-anaphora
can be found in their paper and thus are omitted here. Theréots of details in their paper
specific to the zero-anaphora resolution task, but what imtefest to us is their model for
intra-sentential zero-anaphora resolution (intra-sgrdgemeans the antecedent occurs within
the same sentence as the zero-pronoun), called “tournameaél”. The tournament model
assigns a probability to each word in the sentence (excepgzeno-pronoun word) for being
the antecedent and ranks them. This is similar to the way 8hdrKlakow (2006) and Cui et
al. (2005) ranks each word in candidate answer sentenceefog bhe actual answer. To rank
each candidate antecedent word, lida et al. produced thendepcy parse tree of the sentence,
and extracted dependency path between the zero-pronouhamaor the candidate antecedent
word. This dependency path is then fed to a boosting classifiershich each decision stump is

10
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associated with a subtree, much similar to syntactic migpiatterns with individually learned
scores in (Shen and Klakow 2006). Some other hand-sele@edstics were also used as
features in the boosting classifier in (lida, Inui, and Matsto 2006), again similar to the way
orthographic features and NE features were used in (SheKlakdw 2006; Shen, Kruijff, and
Klakow 2005).

5. Futuredirections

From the systems and techniques we reviewed in Section 3bgexre a trend that more syntax
is coming into this line of research. But there are a few prant deficiencies in the current
approaches. The real challenge in answer extraction isdogréze syntactic and semantic
variations when a question is expressed in the answer texieample, in the question “how
did X die” and answer sentence “Y killed X", both syntacticusture and semantic structure
changed when we used word “kill” (a killing event) to expréde” (a dying event). The way
Shen and Klakow (2006) and Sun et al. (2005a) recognizedhsyotequivalence is by first
decomposing dependency path into individual segments,ubked alignment algorithms (DTW
in (Shen and Klakow 2006) and permutation (Sun et al. 20@Ba))do not preserve the linguistic
information encoded in the sequence, and finally sum up thitesity measure of each segment
based on PMI-like heuristic. One may argue that this is an-sweplistic and too coarse-grained
model. Also, although (Shen and Klakow 2006) used a MaxErmtehim learn different weights
for different link types, it only combines different type$ dependency features without any
structural constraint. We think that there is definitel\eneisting work to be done in learning the
structural equivalence and transformation using moreesgive models. But for more powerful
models, we will inevitably run into data sparsity problerids not clear at this point whether
the data we have now is sufficient of not, and there is also stiquethat whether we are making
full use of the data we have. Another related direction isddgyond syntax and explore more
semantic level information. We hope to see more interestiok along these lines in the near
future.

6. Conclusion

In this paper, we surveyed a variety of techniques in answiaaion for factoid question
answering. We have seen a movement from earlier simple mtuido not explore much of the
syntactic or semantic structural information to more réceadels to more recent models that
measures question and answer similarities based on depsnskeuctures and uses maximum-
entropy models to automatically learn weights to combindtipla sources of information. We
analyzed the similarities and connections with relatedkwnrTextual Entailment and Zero-
anaphora Resolution domains. Lastly, as a result of thigegyuwe have found that the full
potential of using dependency structures to recognize anand question equivalence has not
yet been fully explored. The models that current QA systemsgley for finding structural
matching have remained somewhat ad-hoc. Clever models agd @f using syntactic and
semantic information in answer extraction are still opefutare research.
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