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Abstract few different sets of readily available data, the most impor-
tant of which is a corpus of example question-and-answer
In this papet, we give an overview of the data-driven and (g-and-a) pairs which is used by the system for whatin a tra-
non-linguistic approach to open-domain factoid question ditional QA system would be question-typing and answer-
answering (QA) that has been developed over the past 4yping. Other data sets include a list of words that are used
years at TOkyO Institute of Technology and which culmi- for question-typing such dWhat”, “When”, “Who” and
nated this year in our participation in three international “where” etc. and a set of stop-words, typically frequently
evaluations of QA technology at TREC (for English), CLEF occurring non-informative words that should not be used
(for Spanish and French) and NTCIR (for Japanese). Infor candidate answer retrieval. For all language systems
TREC2005 we placed 11th out of a total of 30 participants only the surface forms of words are used and no linguis-
in the factoid QA task and in TREC2006 we came 9th out tic processing is performed, for example to determine parts-
of 27 participants with an accuracy of 25.1%. While our of-speech or grammatical dependencies between words. In
performance in the official CLEF QA tracks was poor due fact, all words are converted to upper-case (where appropri-
to a large number of unsupported answers, the performanceyte for the language) and all punctuation is removed except
on an informal “real-time” Spanish QA exercise was one of for the insertion of sentence boundaries. Given the relative
the best. At the time of writing no results have yet been simplicity of training the QA system it is easy to see how the

released for Japanese. method can be rapidly applied to new languages without the
need for specialized expert knowledge about the language
1. Introduction or about QA technology itself.

While most contemporary QA systems employ some

In this paper, we give an overview of the data-driven and : !
o . . .~ form of query expansion so as to be able to find answers that
non-linguistic approach to open-domain factoid question . . : .
co-occur with grammatical or semantic variants of terms

answering (QA) that has been developed over the past 4 : : .
years at Tokyo Institute of Technology and which culmi- in the question, we instead perform what might be termed

. . N . . data-expansion and use the web to retrieve a large number
nated this year in our participation in three international

. of documents that match the unmodified query terms. For
evaluations of QA technology at TREC, CLEF anq NTC'R' the tasks in evaluations such as TREC, NTCIR and CLEF
From the outset our approach to QA was designed with

language independence and portability in mind. Indeed,Where a supporting document is required for each supplied

inl7 6 q trated h baseli A perf answer it is necessary to project the answer we have found
in 7, 6] we emonstrated how a baseline QA per ormance using web data back on to the supplied document collection.
could be achieved for several very different languages with

| t h f dat I’ d svstem d Typically this incurs a loss of around 20% relative although
only several tens othours ot data preparalion and system deg, ) ¢ yq languages we have found it to be much higher (up
velopment. To this end we developed a probabilistic model

. to 80%). Since this is more an artifact of evaluation we do
of the QA process that captures dependencies between feaﬁot concern ourselves too much with this problem.

tures in the question and features in the answer. We de- ) i
Another major difference between our approach and

scribe our mathematical model for question answering in el -
detail in Section 2. For training, this model requires only a contémporary approaches is in the use of named entities
(NE). Most systems use NE-tagging of both the question
1This paper was first published in IEICE Technical Report NLC2006- fand thef documenF Cplle0t|0n fqr question _a_nd answer typ-
59, SP2006-115(2006-12). ing, typically classifying a question as requiring a particular




NE type as the answer. In our approach we perform no such

tagging and consider instead all word sequences between This is guaranteed to give us the optimal answer in a

one and five words long and how well each word sequencemaximum likelihood sense if the probability distribution is

matches the answers in our g-and-a database. Consequentlihe correct one. We don’t know this and it’s still difficult

at no stage is a hard decision about an expected type madep model so we make various modeling assumptions to sim-

instead all types are assigned a probability and the decisiorplify things. Using Bayes’ rule this can be rearranged as

about a final answer postponed until all knowledge sources

have been considered. Moreover, we do not require any lin- arg max PW,X | A)-P(A) 3)

guistically motivated labels to be attached to any of our data. A P(W,X)

This minimizes the effort and complexity of data prepara-

tion and also minimizes errors from making hard decisions The denominator can be ignored since it is common to all

about a word sequence’s identity at too early a stage. possible answer sequences and does not change. Further,
In the rest of this paper we describe our mathematical to facilitate modeling we make the assumption thatis

model of the QA process in Section 2 and present the resultsconditionally independent d given A to obtain:

on a series of international QA evaluations in Section 3. A

discussion and conclusion are given in Sections 4 and 5, argmax P(X [ A) - P(W [ A) - P(A). 4

respectively.

o . Using Bayes rule, making further conditional indepen-
2. QA as statistical classification dence assumptions and assuming uniform prior probabili-
This section is re-produced verbatim from the paper €S, Which therefore do not affect the optimization criterion,
“TREC2005 Question Answering Experiments at Tokyo In- We obtain the final optimization criterion:
stitute of Technology” [3].

Itis clear that the answer to a question depends primar- argmax P(A | X) - P(W] A). (5)
ily on the question itself but also on many other factors such retrieval filter
as the person asking the question, the location of the per- model model

son, what questions the person has asked before, and so on.
Although such factors are clearly relevant in a real-world
scenario they are difficult to model and also to test in an off- given a set of information-bearing featurds similar to

line mode, for example, in the context of the TREC evalua- the work of [2]. It models the proximity of to features

tions. We therefore choose 1o consider only the_ dependenc?n X. We call this model theetrieval modelnd examine it
of an answerA on the questior), where each is consid-

ered to be a string of4 words A = and! further in Section 2.1,
g ola 2= AL Al Q The P(W | A) model matches an answerwith fea-
words@Q = qi,...,q,, respectively. In particular, we hy-

potnesie 1 e arsnatcependson o set o eatures " 1€ (IO pe ot Rouohy e e
W =W(Q)andX = X(Q) as follows:

answers. For example, it associates dates, or days of the
week withwhentype questions. In general, there are many

The P(A | X) model is essentially a language model
which models the probability of an answer sequente

P(A]Q)=P(A|W, X), @) valid and equiprobablé for a givenW so this component
can only re-rank candidate answers retrieved by the retrieval
whereW = wy,...,w, can be thought of as a set of model. If the filter model were perfect and the retrieval
Iy features describing the “question-type” part@fsuch model were to assign the correct answer a higher probability
aswhen why, how, etc. andX = xz,...,z;, is a set of than any other answers of the same type the correct answer

Ly features comprising the “information-bearing” part@f should always be ranked first. Conversely, if an incorrect
i.e. what the question is actually about and what it refers to. answer, in the same class of answers as the correct answer,
For example, in the questior/here was Tom Cruise mar- IS assigned a higher probability by the retrieval model we
ried? andWhen was Tom Cruise marriedfe information- cannot recover from this error. Consequently, we call it the
bearing component is identical in both cases whereas thdilter modeland examine it further in Section 2.2.
guestion-type component is different.

Finding the best answet involves a search over afl 2.1. Retrieval model
for the one which maximizes the probability of the above The retrieval model essentially models the proximityidb
model: features inX. Sinced = a4, ... ,q;, We are actually mod-

R eling the distribution of multi-word sequences. This should
A = argmax P(A [ W, X). (2)  be borne in mind in the following discussion wheneveis



used. As mentioned above, we currently use a determinis-
tic information-feature mapping functioi = X'(Q). This

mapping only generates wona-tuples (n = 1,2, ...) from 15|
single words inQ that are not present insdop-listof around N(A, X;) = Zé(Xi € X(S;)))
50 high-frequency words. In principle the function could of i=1

course extract deeper linguistic features but we leave thismax{é(A € 5;), Aadj0(A € S;_1), Aaaj-6(A € S; 1)}
for future work. 3)> Nadj j—1)s Aadj o (iO)

We first assume that a corpus of text datas avail-
able for searching for answers comprisiff§j sentences

S1,...,S)s and|U| documents and a vocabularyof |V| It turns out that smoothing the maximum likelihood es-
unique words. We use the notatioty; to define an ac- timates from each component distribution has little effect on
tive set of the featuresq,...,z;, such thatX; = x; - performance so none is performed. This is partly because of
5(dy),zo - 8(da), ..., 21, - 6(d;, ) whered(-) is a discrete  the inherent smoothing effect achieved by interpolating all

indicator function which equals 1 if its argument evaluates the distributions together and partly since there is no need
true (i.e. its argument(s) are equal, is not an empty set, orto smooth for non-occurring events since such zerotons are
is a positive number) and 0 if false (i.e. its argument(s) are never likely to be selected as answers.

not equal, is an empty set, is O or is a negative number) and  One clear deficiency, however, is the use of equal-valued

d=[d,...,dy]is the solutioR to i = Zz’;l 27714, interpolation weights for all distributions. One might expect
The probabilityP(A | X) is modeled as a linear inter- adependence on the number of active features ov QX ),
polation of the2!x distributions: however, no such reliable relationship has so far been deter-
mined although investigations continue.
olx —1
P(A|X) = Z Ax, - P(A] X)), (6) 2.2. Filter model
1=0

The question-type mapping function/(Q)) extractsn-
tuples @ = 1,2,...) of question-type features from the
wherey, = 1/2'x forall 4, P(A | Xo) is a zerogram  questionQ, such asHow, How manyand When were A
distribution, andP(A | X;) is the conditional probability of  set of|V3,,| = 2522 single-word features is extracted based
A given the feature se¥; and is computed as the maximum o frequency of occurrence in questions in previous TREC
likelihood estimate from the corpus question sets. Some examples includéxen where who,
whose how, many high, deep long etc.

Modeling the complex relationship betwe&r and A

A .
PlA]X) = (X;) ' 0 directly is non-trivial. We therefore introduce an intermedi-
ate variable representing classes of example questions-and-
h answers (g-and-a). fore = 1...|Cg| drawn from the set
where CE, and to facilitate modeling we say th@f is condition-
ally independent o, given A as follows:
B
N(A,X;) = Y 6(X;€X(S;)-6(AeS)), (8) o
j=1
PW[A) = > PWe|A) (11)
N(X;) = Y N(vX). 9) p
veV ICE]

= Y P(W]ce) Plec | A). (12)
We modify Equation (8) to include contributions from e=1
adjacent sentences weighted kyy; which typically has a

value< 1: Given a setE of example g-and-&; for j = 1...|E|
wheret; = (qf,...,q ,al,...,a] ) we define a map-

2Note that the value of is simply the base10 number that represents . . @/ Al

the binary encoding of the active featuresXp. ping functionf : E — Cp by f(tj.) = ¢ Eac.h class
3A linear interpolation of models, which borrows directly from statis- ¢ce = (w$,... SWE s AT, afAe) is then obtained by

tical language modeling techniques for speech recognition, was found to Ly .

give retrieval performance approximately twice that of a naive-Bayes or ¢, —= U W(tj) af, so that:

log-linear formulation. Jif(t;)=e i=1



the models is typically very different and needs compensat-
ing somehowa can be optimized easily once the individual

P(W|A)= models have been optimized separately.
ICE|
S PW wS,... wf,.)-Pas,....af,, | A). (13) 3. Results

In this section we present the results on the factoid ques-
Assuming conditional independence of the answer tion task of several different evaluations that we undertook
words in classc. given A, and making the modeling as- over the last year. Each evaluation has its own specification
sumption that thgth answer Word;;% in the example class of correctness or accuracy so the results are not necessar-
c. is dependent only on thgh answer word il we obtain: ily directly comparable with each other although the varia-
tion across languages and across questions from year to year
O Ly makes szlch direc(tjcomparisor;]s diffiCLljlt ?nyway.
e In Tables 1 and 2 we give the results from our participa-
PW14) Z PWe) H Plajfa;). (14 tion in CLEF in June 2006 that were presented in [8]. For
the CLEF evaluation two new systems were built to handle

Since our set of example g-and-a cannot be expecteoqueSt'onS in Spanish and French. The results on the mono-
to cover all the possible answers to questions that may belingual Spanish and French tasks are shown in Table 1.

asked we perform a similar operation to that above to give

us the following: Task Right ineXact | Unsupp.
Spanish-Spanish 26 (13.7%) 1 29
French-French 27  (14.2%) 12 12
|CE| lae |Cal
P(W | A) Z PW | ce) [I D2 Pa§ | ca)P(ca | a;),  Table 1: Breakdown of performance on the French and
j=1a=1 Spanish mono-lingual tasks by type of question and assess-

(15) ment of answer.

wherec, is a concrete class in the set|6f4| answer classes

Ca. The independence assumption leads to underestimat-  Since the focus of the CLEF QA track is cross-lingual

ing the probabilities of multi-word answers so we take the QA we interfaced the two new QA systems with publicly,

geometric mean of the length of the answer (not shown in web-accessible machine translation systems. The results for

Equation (15)) and normalizB(W | A) accordingly. different combinations of source and target languages are
The system using the above formulation of filter model shown in Table 2.

given by Equation (15) is referred to as model ONE. Sys-

tems using the model given by Equation (13) are referred Task Right ineXact | Unsupp.
to as model TWO. The training of Model ONE has been | English-French 19 (10.0%) 6 8
described in detail in [4]. English-Spanish 11 (5.8%) 0 10
French-English 7 (3.7%) 10 37
2.3. ReconcilingP(A | X) and P(W | A) Spanish-English 10 (5.3%) 11 34
French-Spanish 22 (11.6%) 0 15

The approach to QA that has been presented is similar in
essence to that of approaches to automatic speech recogniFable 2: Breakdown of performance on the English, French
tion (ASR) where there are separate acoustic and language&nd Spanish cross-lingual combinations by type of question
models. In ASR, itis necessary to includiaaguage model  and assessment of answer.
weight «, which raises the probabilities given by the lan-
guage model to the power, otherwise performance is very
poor: At the CLEF2006 workshop in Alicante a novel evalua-
tion was performed to assess the speed and performance of
o systems in a Spanish language real-time QA task. Each par-
A- PA| X)*-P(W|A) 7 . .
arg max Z PA| X)o - P(W [ A’ ticipant was given the same 20 questions to answer and the
emphasis was on speed and accuracy of results. The mean
reciprocal rank (MRR) of both exact and inexact answers
Several, possibly related, explanations have been givenfor the five participants are shown in Table 3.
for this requirement including compensation for the inde- In July 2006 we participated in the annual TREC QA
pendence assumption. In any case, the dynamic range oévaluation. We submitted three different systems which




Group MRR(Exact) | MRR(Inexact) | Time(s) e.g. French to English we gain 19.5% absolute if unsup-
Daedalus 0.41 0.41 549 ported answers are taken into consideration, i.e. we lost 84%
Priberam 0.35 0.35 56 of our correct answers due to lack of support on that task.

Inace 0.30 030 1966 Although our system was the slowest in the Spanish QA

TokyoTech 0.38 048 | 5141 real-time task, we achieved the second best MRR for exact
UniAlicante 0.24 0.28 76 answers and by far the highest MRR for inexact answers.

Table 3: Mean reciprocal rank (MRR) of both exact and Since system speed is more of an implementation issue (and

inexact answers and timings of systems that participated ind°minated by retrieval and processing of web documents in
the Spanish real-time QA task. the current system) we know this can easily be improved.

These results clearly show our system’s potential for web-
based factoid QA especially when support information is
) o ___ notbeing assessed.

were each based on different combinations of individ- In TREC2006 we placed 9th out of 2 participating
ual systems usi_ng different r_nodel formulations (ONE and groups on the factoid task with 25.1% correct and sup-
TWO as described in Section 2.2 and the open-sourcepqrieq, a score that is well above the median but still sub-
Aranea system [1]) and different languages. The three dif- gianially lower than the best participating system’s perfor-
ferent systems are described in Table 4 and the results ol 4ce (57.8%). (Since our focus is still primarily on the
each system given in Table 5. Where a different languageracioid task we did not expend much effort on answering
system was employed questions were first translated fromine jist and “other” questions in the task and consequently
English into the language of the QA system, then its an- o, gyerall, combined score was below the median—results
swers translated back into English. not shown.) Again, as with the CLEF results, our perfor-
mance increases to 31.8% when unsupported answers are

System Which model Languages .
askedO6a ONE English,French,Spanish also included.
asked06b ONE+TWO English The current model of QA has been shown to be remark-
asked0Be ONE+TWO English ably effective particularly when using web documents to
find answers and exploiting the web’s inherent redundancy.
Table 4: Brief descriptions of the three runs However, the performance is significantly reduced when a
asked06a,b.c  submitted to TREC2006. much smaller document collection is used in which the cor-
rect answer may only occur several times and in contexts
which share very few words in common with the question.
i _ This was demonstrated with our participation in TREC2005
System Right Unsupp. | ineXact where we compared the same model using web data and
:ztggggg gé E;gggﬁg ;g ggzg 2‘71 gg'%g using the supplied document corpus—accuracies of 17.7%
~sked0Be 10T (25.1%)| 26 (6.5%) | 27 (6.7%) and 14.3% were obtained, respectively.

Runasked06b used a similar combination of compo-
nent runs as our best run in TREC2005 giving a perfor-
mance on the factoid task this year of 23.6%, compared
to 21.3% last year. This demonstrates the large variation
in absolute accuracy that comes from using different ques-
tions. The inclusion of the translated French and Spanish
runs and also a run from a modified version of the open-
) ) ) source Aranea system [1] improved system performance by
Our results in the CLEF evaluation were certainly not 1 5oy apsolute to 25.1%. Most of this increase probably

the best but nonetheless very competitive when compared.omes from the inclusion of the Aranea answers rather than
against the other participants particularly when it is con- ha transiated multi-lingual runs.

sidered that the French and Spanish systems were devel-
oped from scratch in the two months prior to the evaluation.
Moreover, the official score for all evaluations only consid-
ers supported answers and since we project all our answer#n this paper we have given an overview of the statistical,
on to the appropriate corpus we tend to lose many correctdata-driven and language independent approach to question
answers due to their lack of support. In particular, on the answering (QA) adopted at Tokyo Institute of Technology
CLEF Spanish and French monolingual tasks our accuracyand presented the results on a variety of different evalua-
was 28.9% and 20.5%, respectively, when unsupported antions involving factoid QA in different languages. It was
swers were included. On some of the cross-language taskshown that because the web is used as the source of data

Table 5: Performance on the factoid task of the 3 runs sub-
mitted to TREC2006.

4. Discussion

5. Conclusion



for finding answers many answers are unsupported when [6] E. Whittaker, J. Hamonic, T. Klingberg, Y. Dong,

assessed in the evaluations. This means that the actual per-
formance on monolingual QA tasks is often around 30%
and is largely independent of the language. While good,
compared to the best linguistic-based systems this perfor-
mance still falls somewhat short. However, our model is
currently still extremely simple and shows great potential
for improvement via the inclusion of more discriminative
features for question and answer typing and improved can-
didate answer retrieval through query expansion techniques
taken from the language modelling for IR literature. We
have many ideas for future work and aim to implement the
most promising in time for next year's evaluations.

6. Online demonstration

A demonstration of the system using model ONE sup-

porting questions in English, Japanese, Chinese, French,
Spanish, Russian and Swedish can be found online at
http://asked.jp/
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