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ABSTRACT

Question classification has become a crucial step in modsza-q
tion answering systems. Previous work has demonstratezffée
tiveness of statistical machine learning approaches stfablem.
This paper presents a new approach to building a questissicla
fier using log-linear models. Evidence from a rich and digesest of
syntactic and semantic features is evaluated, as well asages
which exploit the hierarchical structure of the questicassks.

Categories and Subject DescriptorsH.3.3 [Information Search
and Retrieval].

General Terms: Algorithms, Experimentation

Keywords: Maximum entropy, Question Classification, Question
Answering, Machine Learning

1. INTRODUCTION

Research in Question AnsweringX) seeks to move beyond the
existing keyword-based Information Retrievak) approaches by
providing one or morexact answers to a questidrom a large
document collection. The syntactic and semantic inteapit of
a question is crucial in @A system. The most common approach
to semantic interpretation is to classify the question mtdosed
set ofquestion typegqtype which describe the expected semantic
category of the answer to the question.

Maximum Entropy () or log-linear models [5] have been suc-
cessfully applied to many Natural Language Processing)prob-
lems which require complex and overlapping features. Heze w
make use of this ability to incorporate syntactic and seinant
formation extracted from the questions. The result is a tipres
classifier which significantly outperforms the state-cé-tirt sys-
tems on the standard question classification test set [4].

2. LOG-LINEAR MODELS

Conditional log-linear models, also known as Maximum Epgro
models, produce a probability distribution over multiplasses and
have the advantage of handling large numbers of complexaprer
ping features. These models have the following form:

pYKA) = ﬁexp(kzlxkfux,y))

where thefy are feature functions of the observativ@and the
class label. Ay are the model parameters, or feature weights, and
Z(x|A) is the normalisation function.
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FEATURE [ DESCRIPTION

UNIGRAMS [ allwords in Q

BIGRAMS all bigrams in Q

TRIGRAMS | all trigrams in Q

FBG bigram of first 2 words in Q

FTG trigram of first 3 words in Q

LENGTH the length of the Q (in groups of 4)
POS all Postags in Q

CHUNK all chunk tags in Q

SUPERTAGS | all ccG supertags in Q

NE NE types in Q (by type)

T-WORD target word

T-POS targetPos

T-CHUNK target chunk tag

T-NE targetNE

T-sC target supertag

T-CASE target is lower, upper or titlecase
T-WORDNET | target in a WordNet lexfile

T-SEM target in semantically related words
T-GAZ target in gazetteer

FBGTGT bigram of target and 1st word
FTGTGT trigram of 1st 2 words and target
FBGWN bigram of 1st word and target lexfile
FTGWN trigram of 1st 2 words and target lexfile
PWTGT target and previous word bigram
QUOTES a (double) quoted string in Q
T-QUOTED | target within a quoted expression

Table 1: Extracted feature types.

In order to train the model we employ the common practice of
defining a prior distribution over the model parameters agrive
a maximuma posteriori (MAP) estimate from the training obser-
vations.

3. FEATURES

Features were derived from both lexical and syntactic méor
tion. Each question was parsed using @&C ccG parser [1] with
a model specifically created for parsing questions. Thislirad
annotating questions from previou&Ec competitions with their
correct lexical categories and retraining the supertaggindel.

The target word also called thejuestion focuswas found by
traversing theccc dependency graph produced by theC ccc
parser. Kocik [3] developed and evaluated the dependendingn
algorithm using 1000 Li and Roth training set questions Wisice
annotated with their correct target word.

4. EXPERIMENTS

There are few data sets available for training machine legrn
approaches to question classification. Li and Roth [4] ecb#ite
most frequently used data set. Their classification schenuies-
tion ontology consists of 6 coarse-grained categories which are di-



FINE [ P. [ P [ Ps [[ CoarseP,
ALL 86.6( 91.8| 94.4 92.0
NGRAMS 83.4( 88.2| 90.0 88.4
NO SEMANTIC | 85.2| 89.8| 91.4 91.0
NO TARGET 83.4(89.6| 91.2 92.0

Table 2: Evaluation of feature groups.

COARSE [ PL [P [ P [P [ P

Li & Roth | 91.0 - - - 98.8
coarse 91.8| 97.4] 99.2| 99.8 | 100.0
hierarchy | 91.4[ 95.8 99.0| 99.8 | 100.0
two-stage | 92.6 | 97.8| 98.8 | 99.2| 99.6
flat 92.0| 97.2| 99.2| 99.8| 99.8

Table 3: Evaluation on coarse-grained labels.

vided unevenly into 50 fine-grained categories. The dafacset-
sists of approximately 5,500 annotated questions foritrgiand
500 annotated questions fronRec 10 for testing. The training
questions were collected from four sources: 4,500 Engligtsq
tions collected by Hovy et al. [2], plus 500 manually creatiees-
tions for rare qtypes and 894 questions frorReCc 8 andTREC 9.

We use the data in exactly the same manner as Li and Roth [4] in

their original experiments.

We conducted two sets of experiments to investigate diftere
aspects of the&c task. The first experiments aim to evaluate the

contribution of each of our proposed feature types usingaa-st
dard log-linear classification model, while the second expents
investigate whether the incorporation of hierarchicaklabforma-
tion can assist the classification. Table 1 lists the featyres used
by our classifier.

In evaluating our experiments we have used precision ower th

top n labels returned from the classifier. In this cderefers to
the true precision of the classifier when itis only allowegtedict

one qtype for each test instané®.refers to the precision when the
classifier is allowed to return the most probable gtypes for each

instance and if the correct gtype is in thesgtypes it is counted as
a correct prediction.

Table 2 shows the fine-grained results for including alldess,
as well as the contribution of particular groups of featudGRAM
is just theUNIGRAM, BIGRAM andTRIGRAMS, NO SEMANTIQs
all the features except those that have a semantic contgnti{at
use WordNet, named entities and the gazetteer) NOdTARGET
is all the features except those that refer to the target.

From these results we can see that, in addition to the ngram fe

tures being important for fine classification, the targetuisss also
contribute significantly to the end results, while the seticdiea-
tures have a more marginal impact.

4.1 Hierarchical Classifier

As the labels employed in the curremt scheme actually encode
a semantic hierarchy over answer types it makes sense noptte
use this additional information in our classifiers. Here weppse
two hierarchical classification schemes: the firstis argiratied ap-
proach using feature functions defined over the coarsedalvbile
the second is a two-stage approach employing an initiakeozas-
sifier to feed a distribution over coarse labels to a secomskdier.

The integrated hierarchical classifier builds upon the dsesh
log-linear model described in Section 2 by adding featunetions
that are conditioned on only the coarse component of a label.

Thttp://12r.cs. uiuc. edu/ ~cogconp/ Dat a/ QN QC/

FINE | P1 | Pz | P3 | P4 | P5

Li & Roth 84.2| - - - | 95.0
feature-hierarchy] 85.6 | 91.0 | 94.4| 96.0 | 97.0
two-stage 86.0( 92.0| 95.2| 95.8 | 96.4
flat 86.6| 91.8 | 94.4| 95.4| 95.8

Table 4: Evaluation on fine-grained labels.

The two-stage model first trains a classifier on the trainivgpo-
vations using only their coarse labels. This classifieresthsed to
derive a distribution over coarse labels for the training tast data.
Unlike the existing binary features of the model, this dlisttion is
then encoded in real valued feature functions for a secassitier
that performs a full labelling.

In order to evaluate our proposed hierarchical classifiersam-
pare it to a number of other classifiersi & Roth are the results
from [4], coarseis the classifier trained only on coarse qtypes, and
flatis the baseline classifier that treats all the classes imadigpely
(no hierarchical information about classes is used).

Tables 3 and 4 show the results of these classifiers for Iabell
coarse and fine qtypes. The coarse results for the flat, gest
and feature-hierarchy classifiers are obtained by summiagtbe
probabilities of the child class.

Neither of the hierarchical classifiers can match the flatsifeer
on theP; evaluation, although all three of our classifiers outpenfor
the Li and Roth standard. It is of note however that the haiaal
classifiers do produce a significantly better probabilitritbution
over labels, as evidenced by tRe results. In addition, the two-
stage classifier outperforms the base coarse classifieseThsults
suggest that exploiting hierarchical structure could bieeafefit for
practicalQA systems.

5. CONCLUSION

In this paper we have developed a number of log-linear models

for question classification. We have systematically exqaa wide
variety of syntactic and semantic features for this task. Hake
demonstrated that our novel target word based featureseartd
a significant improvement in classifier accuracy. The cbation
of this work are new features for question classificationalthin
combination with a log-linear model, obtain state-of-treresults.
This willimmediately result in an improvement in the acayrand
efficiency of question answering systems.
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