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Abstract

In this paper we examine a sentence comprehen-
sion task: given a question, and an extended sen-
tence known to answer that question, the goal is
to extract the short answer to the question S
an initial solution, a novel ro ust statistical model
is presented which com ines the semantics o the
expected answer with the expected context within
which the answer will e ound wo distinct trivia
game data ases, with no additional annotation, are
used to train and test the model

ntrod ction

ecent work in automated question answering has
suggested that extracting precise short answers is
more di cult than extracting ull sentence or pas-
sage length ones Iso, retrieving answers rom
smaller document spaces ma, e more di cult than
retrieving answers rom larger ones, i the smaller
spaces have less redundant coverage o potential an-
swers his paper examines the pro lem o extract-
ing short answers rom a single sentence, where there
is virtuall no redundanc he ocus on word-level
anal sis o a single sentence ma uncover aspects
o semantics which have hereto ore een masked in
sentence granularit answers
o approach this sentence comprehension task, we
introduce a novel ro ust statistical model  ne o
the arriers to uilding statistical models or ques-
tion answering has een the lack o suita le train-
ing data, and the cost associated with annotating
data when availa le ere we explore the use o
raw, unannotated ound data rom the e and
present the rsts stem that exploits whole sentence
explanations in training a short answer extraction
model n example o these data is shown in ig-

ure

he model we propose integrates in ormation rom
two di erent sources: semantic class pre erences re-
strictions on the t pe o answer expected, eg a
person or a plant and answer context words likel
to appear near the answer nswer context is ex-
ploited using a new local alignment method ter
training, the complete model achieves match
accurac on one dataset, and on another

Class Preference Answer Context

N

Question : Who invented  eyeglasses?

Explanation : Marco Polo reported seeing many paireyeflasses

worn by | the Chinese as early as 1275, 500 years k

lens grinding became an art in the West.

Answer : The Chinese (not Marco Polo or the West)

igure rivia ata ase ntr oth
class pre erence and context must e used to extract
the correct answer

ri 1a Ga es as rainin ata

practical pro lem in developing a statistical model
or question answering is the lack o training data
e explore the use o unmodi ed, unannotated
trivia games as data, as suggested in  ann,
ith the increasing mass appeal o the e | trivia
games are ecoming ig usiness he general pu -
lic su mits questions, and trivia game companies
award pri es to those who correctl answer the most
questions, and in the process pro t rom advertising
ome trivia data ases are quite large, containing up
to two hundred thousand entries ord,
In this paper we use two trivia data ases as main
resources: hish ac onald, and
rivia pot achine Inc ,
has approximatel questions, each with the

rivia

correct answer islarger more than | ques-
tions , ut onl a small part , questions was
made availa le or this research ach data ase

entr , along with the correct answer, includes three
wrong answers and in man cases an explanation

he explanations in var in content ome are
usti cations or the answer as in igure thers



provide additional in ormation e g

or re ute wrong answers e g
oth o these data ases
contain questions and answers written = man di -
erent people, and there is no guarantee that the
answers to the questions are correct
rivia games like these are an appealing source
o data or those interested in question answering
irst, the cover a wide domain o knowledge and
are grammaticall complex econd, the questions
t picall ask or simple acts whose answer is o ten
onl a word or two, which is similar to other question
answering tasks inall , trivia data ases encode a
tremendous amount o semi-structured in ormation
In this paper we extract twot peso knowledge rom
this heterogeneous data ase: class pre erence or se-
mantic tags, and mixture parameters or our nal
model hese data ases dou tlessl contain addi-
tional in ormation
hile the data ase contains explanations, the
data ase does not o generate explanations or
the questions, we searched the e using the
oogle search engine with oth the question words
and the short answer as the quer terms e re-
trieved the top ranked pages or each quer and
segmented the sentences automaticall ~ rom those
sentences, we selected as explanations the sentences
which had oth the highest word overlap with the
question and contained a word in the short answer
s a result o this search procedure, we collected
nearl , explanations or approximatel
questions course, the explanations were quite
nois  ome, though the included the short answer
terms, did not have enough in ormation to conclude
that the short answer in act answered the question
an explanations were ungrammatical or odd mix-
tures o sentence ragments and spurious punctua-
tion ince the explanations were collected automat-
icall , in some cases we ound multiple explanations
or the same question or evaluation purposes, a
sample o, sentences were randoml selected
rom each corpus

sin and etectin ass
reerences int e estion

an questions give a clear class pre erence on the
t pes o answers the expect or example, the
question
strongl pre ers the answer to e a gem Intuitivel ,
class pre erences can e descri ed as words in the
question which are somewhat unlikel to appear in
the answer sentence, and instead serve to restrict
the t pes o entities suita le as answers ometimes,
these pre erences can e ound in the phrase it-
sel eg ho , here , hat t pe o _ruit
In other questions, more use ul pre erences can e

ound in di erent locations or example in
, bro ession is the
class pre erence
lass pre erences all into two road categories:
pre erences or proper nouns and Or common nouns
roper nouns exhi it great plasticit in use, some-
times even ranging over lexical elements which are
primaril unction words eg the rock and he
he In contrast, common noun classes, while
open to novel constructions, are much more static
ne example 0 a common noun class pre erence is
or color names, which are dominated a static
xed set, with rare additions in popular usage eg
teal
ince these two classes o pre erences exhi it such
di erent characteristics, di erent t pes o processes
ma e used to deal with oth In order to detect
proper nouns, a d namic algorithm which tags to-
kens according to a set o contextual and intra-word
eatures must e used or common nouns,
a large, static hand-cra ted knowledge ase is more
appropriate  he next two sections descri e meth-
ods to handle oth t pes o categories

he main ocus o work in question answering has
een on identi ing answers which are proper nouns,
where most methods predict likel semantic tags
rom heads or phrases In these schemes
a ho question would predict eople and per-
haps  rgani ations picall these correspon-
dences have een manuall identi ed ann
presents the ollowing method or learning these cor-
respondences using unannotated training data which
results in a more exi le and e ective match module

ormall , given a question with a unique

head , and an explanation which is a set o words

, where each word has a distri ution over seman-
tic tags , the model picks

argmax

argmax

argmax

argmax

argmax

argmax w

his derivation shows that we can approximate the
utual In ormation etween a question and a word,
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a le : agshaving high wutual In ormation with
, I , as estimated rom the hish
trivia data ase

I , assuming the independence o the question
class and answer given the semantic tag, using the
pro a ilities in o train the model, we need to
estimate I how much a class pre ers a seman-
tic tag a le gives an example o the t pe o
in ormation learned  the I model

he a ove pro a ilities can e estimated using
a trivia data ase that contains a large num er o

questions and answers  he method ollows:
or each question, identi the question class

ppl asemantic tagger to the trivia data ase

to generate here , a distri ution
over possi le semantic tags or each word is es-
timated

stimate:

his section deals with common noun class pre er-
ences, where static knowledge ases can e used

ommon noun class pre erences are detected in two
wa s irst, the phrase is scanned  he ques-
tion

has a class restriction em edded in the

phrase itsel I no class pre erence has een ound
directl within the phrase, and the question

uses a copular construction eg hat is , the
head o the rst is used as a class pre erence In
the question, , color

would e appropriatel identi ed as a class pre er-
ence
hese class pre erences are used in two wa s
irst, noun phrases which include the word ver atim
are chosen  hus, hreadneedle treet would e
detected as an answer to the rst question in ection
econd, the sentence is scanned or an words
which are children o the class in the ordnet on-
tolog or example, lue would e detected
asat peo colorin response to the second question
a ove

egmenting the phrase and parsing the question
correctl are ke prerequisites or determining and
using class pre erence in ormation ollins
has demonstrated high per ormance on parsing plain

nglish sentences and is an o vious choice or pars-
ing questions  owever, the ollins parser trained
on the enn ree ank does not provide high-qualit

phrase segmentation  igure shows a t p-

ical phrase segmentation error, where there is
no node which su sumes onl the phrase ince
the recovered phrases are incomplete, the
phrases can e said to e ragmented he mis-
parses are caused  the paucit o questions in the

enn ree ank and the simplicit in orm o the ones
that do exist In particular, there are no instances
0 a phrase parsed as

his dearth o variet severel limits the a ilit o
a parser trained onl on the ree ank parser to nd
correct question parses

In order to correct or this pro lem and to clean
up the parses to make their structure easier to in-
terpret , questions t ped users into an on-
line in ormation retrieval engine were collected and
hand-parsed or use as training data  hese ques-
tions were randoml selected in equal proportions
rom these categories:

hat : hat kinds o o s can ou get with
di erent degrees

hich :  hich countr orders eli e
In what : In what ears did air ad
and est ide tor open on roadwa in

In which : In which countries do a u snakes

live

m edded what eethovens ixth m-
phon is also known as what




igure

hat do
or

hat do the initials stand

ter annotating these extra questions and re-
training the ollins parser on the annotated ques-
tions and the enn ree ank, the num er o rag-
mented phrases dropped rom to or the

data set, and rom to or the set

e tested the per ormance o the ontological and ex-
act match approaches on the two datasets  them-
selves and in con unction with the class semantic
tag model ¢ s anaive aseline, we present a
s stem which chooses a word at random rom within
the sentence  he accurac o the random s stem is
evaluated as  correct one word answers in the sen-
tence total candidate answers  or all s stems,
we exclude words ound in the question as well as
stop words rom candidate answers In all o the
experiments reported, a s stem is said to have an-
swered a question correctl i the single word it re-
trieved is in the set o words the s stem accepts as
the answer

ontological match | coverage
accurac
exact match coverage
accurac
ale : ommon oun lass reerence ethods

in Isolation

random

Icst
exact match
ontological match

oth
ale : ccurac o stems which onl use lass
re erences
a le presents per ormance results or ques-

tions in which common noun class pre erences, either
rom ontological matches or exact matches, could e
ound  he per ormance o oth methods shows a
trend wherein the set has higher coverage more
common noun class pre erences can e ound and
higher accurac , while has oth smaller coverage

mis-segmented question, and its corrected version

and lower accurac his might e in part explained
iases in the di erent test sets  espite the di er-
ences, the ontological match accurac is high over
on oth test sets
a le  shows the overall per ormance o thes s-
tem, when the ontolog and exact match compo-
nents are used e ore the I proper name model
he results demonstrate that adding the ontological
model can greatl improve the per ormance o the
whole s stem

sin Ans er ontet it a
oca Al n ent Met od

he methods descri ed a ove have onl used class-
ased approaches or nding potential answers in
sentences hese methods ignore potential in or-
mation rom shared structure which might augment
the per ormance rior methods or using structural
in ormation have relied on picking out in ormation
rom parses or complex in erence chains in
order to extract the correct words rom the sentence
In this paper, we examine an in ormal semantics
approach, which is at the other end o the spectrum
ithout uilding an intermediar semantic repre-
sentation, we use matching structure directl to in-
dicate which words are est matches he model
we developed rst nds , words that appear
in oth the question and explanation  nce anchors
are ound, or an given tuple anchor , word |,
and head ,three eatures are use to determine
the qualit o the local alignment:

, the distance in the explanation rom

to : arger distance etween the answer and

the anchor indicates a weaker relationship  is-

tance is measured as the num er o intervening
content words




dg(WH,a)=1---._  dq(WH,e)=0
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Question: a b WH e f g h i | Queston: T\ b WH ef\ g h i
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Question: a b WH e f 9 h i) Queston: a b WH e f g h i
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4.C de(qe)=0----" 4.D r(m,WH.e) =0 rix,WH,e) =1
igure eatures o the ocal lignment odel: , distance rom the oxed to the
anchor , distance rom the head to the anchor ignores determiners
, whether the head and the answer are on the same side o the anchor
, the distance in the question rom uture work might explore the use o higher-level
to : he closer to the phrase an anchor structural in ormation

is, the etter it is or udging local alignment
istance is measured as a ove

, whether and areon the same side
o : I the are on the same side, that sug-
gests that the underl ing semantic relationships
in the two sentences are similar

igure  illustrates the eatures o this model

In some cases, this local alignment method mim-
ics what a more structured semantic representation
would do, nding the head o the ver to which the
answer is the o ect:

dg(Who, wrote) = 0, - -
Who wrote Lord Jim
r(Conrad, Who, wrote) = 0 |

Dorsai soldier ask not Josed, who wrote one of my all-time favorite books, Lord .
b4

de(Conrad. wrote) = 1

In other instances, the aligned word corresponds
to a relevant word in the question:

dq(What, spanish) = 3

- Al

he prior sections have descri ed a set o eatures
which might
help distinguish correct answers In order or them
to e used e ectivel , the have to e com ined
In order to do this, we rst model each eature as
word eature , where is a unction which
indicates whether is in the short answer to the
question or example:

where is the num er o times that eature ap-
peared or each explanation question pair, using
an possi le anchor ith these pro a ilities es-
timated, we smooth the graph, and uild a model
rom which we can then interpolate new values

v

de(Manuel, spanish) = 1

What was the name of the spanish waiter in Fawlty Towers ?
\

' / r(Manuel, What, spanish) = 0
being the spanish waiter in the John Cleese comedy series Fawlty Towel
N A

he alignment model is a ro ust method o ex-
tracting semantic relationships rom a sentence
more structured representation, using the parse o
the sentence or example, might

vide the same in ormation

e a le to pro-
owever, a more struc-
tured representation takes a per ormance penalt

commensurate with the per ormance o the parser,
requires overhead to write rules to extract in orma-
tion rom the parse, and necessitates a more complex
mixture with a statistical class model

evertheless,

e also en orce a decreasing monotonicit condi-
tion, such that i

e do this or the two distance measures dis-

tance o the phrase rom the anchor, and dis-

tance o the answer candidate rom the anchor and

or the class semantic tag match statistic as well

can e calculated in a straight-

orward manner, and requires no smoothing since

it has onl two inar wvalues he pro a ilit es-

timates derived rom the two trivia data ases are

shown in igure

e use a mixture model to estimate the com ined
pro a ilit o a particular word eing the answer
ormall , given an explanation , and a question
with the head , or an word  the model
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rom le t, estimation o : ,
, in

estimates its pro a ilit o eing the answer as :

max

max

e use one trivia data ase to train the mixture pa-
rameters  exhaustivel searching the space or the
parameters which achieve the highest per ormance

e then take the optimal parameters and use them
to test accurac on the other trivia dataset

e ore attempting the local alignment, we prepro-
cess the questions to undo phrase movement
movement can e descri ed through the ollow-

ing generative process: start with a sentence
ext the desired phrase answer is

turned into a phrase i-
nall , the missing phrase is moved to the egin-
ning o the sentence and
a tensed ver is added his s ntactic movement

has een extensivel studied in the linguistics and
parsing communities  or example, ollins
descri es a method or discovering the trace o the
original phrase position
learl movement is pro lematic or a s s-
tem which uses local alignment, since the relative
distances and locations within the questions do not
match what the would e within the explanation
In order to compensate or these changes, we ex-
plore a simple method or detecting and resolving
common movement in questions In particular, we
use the ollowing characteristics to detect when a
move might have occurred :

railing prepositions:

hat were
teeth made o

eorge ashington s alse

ertain do constructions:
hat did the at- artle cto
attempt to regulate

Initial prepositional phrases:

In what eld o stud would ou nd
ing uttresses

imple emplates:

hat was ar uman s rst al um

on the eggars anquet la el called
Initial head adver ial phrases:
ow is rederick usterlit etter
known

nce a question has een detected as likel to have
involved movement, the phrase is removed and
placed at the end o the sentence  he end is not
alwa s the trace position, ut in our test sets it was
or an overwhelming num er o questions  ith our
retrained segmenter and question parser ec-
tion , this method or un olding -movement,
improves overall s stem per ormance

o test the local alignment model, we took the two
sets o, sentences used or the class pre erence
experiments and the class-pre erence models initiall
trained e selected one o the data ases as train-
ing set and the other as test set e estimated

or each o the eatures the distance and

I eatures on the training set, and optimi ed the
mixture parameters on the training set  he optimal
parameter values were:

Tcw
ith the optimi ed weights and trained
models, we tested the models on

the other data ase he results shown in a le
demonstrate that the local alignment gives a
consistent gain o - or each o the test sets

est orpus lass onl lass ontext
c st
c st ontolog
c st
c st ontolog
ale : ccurac Improvement rom ontextual

ocal lignment ethod

igure  shows the precision recall trade-o or
the nal model, using the nal output mixture pro -
a ilit he graphs illustrate that while there is a
correlation etween the estimated pro a ilit and
the real pro a ilit o the answer eing correct,
there are still ma or de ciencies in the model er-
haps part o the reason ehind the disparit etween
the two graphs is that the explanations in were



igure : recision ecall ¢ st onto ,

generated in response to the questions while the ex-
planations or were extracted rom the world
wide we , and hence ver nois

onc sions

In this paper, we presented a novel ro ust statisti-
cal model or a sentence comprehension task  he
local alignment method presents a new ro ust wa
to match answer contexts rom the question and the
explanation om ining the local alignment with a
statistical model o class semantic tag match model
and an ontolog match module, we were a le to
reach high levels o per ormance on this task
onthe hish dataand onthe rivia pot data
hrough the training o the mixture model

or com ining local alignment eatures and the
class semantic tag match, we demonstrated the
value o explanations or statistical estimation o
intra-sentential eatures he use o explanations
or training this model suggests that question, ex-
planation, answer tuples ma e use ul in training
uture question answering s stems

In investigating this sentence comprehension
pro lem, we took an in ormal semantics approach

his operational semantics ma allow the s stem
to see aspects o meaning which are lost in truth-
unctional semantics In general, this sentence com-
prehension task presents an opportunit or empir-
icall testing semantic representations, without the
overhead needed to complete the ull in ormation re-
trieval task required in question answering ie no
document or sentence retrieval needed e cien-
cies in the sentence comprehension module might e
masked a ver e ective document retrieval s s-
tem, ut exposed under this more constrained test
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