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Abstract

Question Classification is commonly used in
question answering systems to perform a se-
mantic classification of the target answer in
an effort to provide additional information to
downstream processes. It is different from
the common text categorization task in the
sense that questions are relatively short and
contain less word-based information com-
pared with classification of the entire text.
This work presents a machine learning ap-
proach to this task. Our approach is to aug-
ment the questions with syntactic and se-
mantic analysis, as well as external seman-
tic knowledge, as input to the text classi-
fier. It is shown that, in the context of ques-
tion classification, augmenting the input of
the classifier with appropriate semantic cat-
egory information results in significant im-
provements to classification accuracy.

Introduction

}@uiuc.edu

Recent works (Hovy et al., 2001) have shown that
locating an accurate answer hinges on first filtering out
a wide range of candidates based on some categoriza-
tion of answer types given a question, which is also
demonstrated empirically in this paper. Specifically,
this classification task has two purposes. First, it pro-
vides constraints on the answer types that allow further
processing to precisely locate and verify the answer.
Second, it provides information that downstream pro-
cesses may use in determining answer selection strate-
gies that may be answer type specific. For example,
when considering the questio@: What Canadian city
has the largest population®ve do not want to test ev-
ery noun phrase in a document to see whether it pro-
vides an answer. The hope is, at the very least, to clas-
sify this question as having answer tygigy, implying
that only candidate answers that are cities need consid-
eration.

At a high level, question classification may be
viewed as a text categorization task (Sebastiani, 2002).
However, there exist characteristics of question classi-
fication that distinguish it from the common task. On
one hand, questions are relatively short and contain
less word-based information compared with classify-

Open-domain question answering (Moldovan et al.ing the entire text. On the other hand, short questions
2002; Ravichandran and Hovy., 2002) has become afife¢ amenable for more accurate and deeper-level anal-
increasingly important direction in natural languageysis. Our approach is, therefore, to augment the ques-
processing_ The purpose of the question answeringons with Syntactic and semantic analysis, as well as
(QA) task is to seek an accurate and concise answ@xternal semantic knowledge, as input to the text clas-
to a free-form factual questidreontained in a large  sifier. In this way, this work on question classification
text corpora, as opposed to a document judged relecan be also viewed as a case study in applying semantic
vant through its similarity to the query. The difficulty information to text classification.

of pinpointing and verifying the precise answer makes Similar to syntactic information such as part-of-
question answering more challenging than the comspeech tags, a fairly clear notion of how to use lex-
mon information retrieval task performed by readily jcal semantic information is to replace or augment
available search engines. each word by its semantic class in the given context,
" Research supported by NSF grants 11S-9801638 and ITI__\then ge.nerate a fgature—based representatiop and learn
11S-0085836 and an ONR MURI Award. a mapping from this representation to the desired prop-
1it does not address questions like ‘Do you have a light?’ erty. This general scheme leaves several issues open
which calls for an action that make the analogy to syntactic categories nontriv-



ial. First, it is not clear which semantic categories arethis level of accuracy. £8.7% error reduction can be
appropriate and how to acquire them. Second, it is noachieved when semantic features are incorporated into
clear how to handle the more difficult problem of se-fine-grained classification. This result is even better
mantic disambiguation when augmenting the represerthan the SVM and kernel methods (but with fewer fea-
tation of a sentence. tures) in (Zhang and Lee, 2003; Suzuki et al., 2003),
Therefore, there have been very few attempts tavhich is a proof of the necessity of informative fea-
study these problems in the context of classificationtures in this task.
In the context of prepositional phrase attachment, The paper is organized as follows: Sec. 2 presents
both (Brill and Resnik, 1994) and (Krymolowski and the question classification problem, its value to the
Roth, 1998) were able to show small improvementsoverall question answering task, and our learning ap-
by using Wordnet semantic classes to augment the raproach; Sec. 3 illuminates how the sources of semantic
representation of sentences. Lin and Pantel (Pantel aridformation are incorporated as features and describes
Lin, 2002) have done several works on acquiring seall the features defined for this task. Sec. 4 presents our
mantic classes and using the acquired information bugxperimental study and results. In Sec. 5 we conclude
in most cases, this was not done in a classificatiorby discussing a few issues left open by our study.

framework. The semantic classes acquired by them ) .
will be used in the current work. 2 Question Classification

This work systematically studies several possible SeMany important natural language inferences can be
mantic information sources and their contribution t0famed as resolving ambiguity, either syntactic or se-
classification. qu the first problem, we compare fo!”mantic, based on properties of the surrounding con-
types of semantic information sources that differ inyey;  These are typically modeled as classification
their granularity, method of acquisition, and size: (1)iasks (Roth, 1998). Examples include part-of-speech
automatically _acquwed named entity categories, (2}agging where a word is mapped to its part-of-speech
word senses in WordNet 1.7 (Fellbaum, 1998), (3)aq in the context of a given sentence, context-sensitive
manually constructed word lists related to specific Cat'spelling correction where a word is mapped to a simi-
egories of interest, and (4) automatically generated sqgy|y spelled word appropriate within the context of the
mantically similar word lists (Paptel and Lin, 2002).. sentence, and many other problems such as word-sense
For the second problem above, in all cases, we defingisampiguation or word choice selection in machine
semantic categories of words and incorporate the inforgransiation. Similarly, we define Question Classifica-
mation into question classification in the same way: ifijon (QC) here to be the multi-class classification task
a wordw occurs in a question, the question represenihat one seeks a mapping: X — {c1,...,cn}, that
tation is augmented with the semantic categories of th?naps an instance € X (e.g., a question) to one of n
word. . ~ classesy, ..., ¢, which provides a semantic constraint

Clearly, a word may belong to different semantic oy the sought-after answer.
categories in different contexts. For example, the word _ _
water has the meanintiquid or body of waterin dif- 2.1 Question Hierarchy
ferent sentences. Without disambiguating the sense af/e define a two-layered taxonomy, which represents
a word we cannot determine which semantic category natural semantic classification for typical answers.
is more appropriate in a given context. At this point, The hierarchy contains 6 coarse classes (ABBREVI-
our solution is to extract all possible semantic cate-ATION, ENTITY, DESCRIPTION, HUMAN, LOCA-
gories of a word as features, without disambiguation;TION and NUMERIC VALUE) and 50 fine classes,

and allowing the learning process to handle this probshown in Table 1. Each coarse class contains a non-
lem, building on the fact that the some combinations ofoverlapping set of fine classes.

categories are more common than others and more in

Coarse Class | Fine Classes

dicatiye to a specific cIa;s Iabclel.. As we show later, ou ABBREV. abbreviation,expression

experiments support this decision, although we have™ ENTITY animal,body,color,creative,currency,disease,
yet to experiment with the possible contribution of a event,food,instrument,lang, letter,other,
better way to determine the semantic class in a context plant,product,religion,sport,substance,

symbol,technique,term,vehicle,word

sensitive manner. - —
o . tal study f ina the DESCRIPTION | definition,description,manner,reason
ur experimental study focuses on comparing the HUMAN group,individual title,description

contribution of different syntactic and semantic fea-—TocATION city,country,mountain,other,state

tures to the classification quality. In the experiments| NUMERIC code,count,date,distance,money,order,other,
we observe that classification accuracies over 1,000 period,percentage,speed,temp,volume-
TREC (Voorhees, 2002) questions re&ch5% for 6 size,weight

coarse classes art®.3% for 50 fine-grained classes,

and that the semantic information is critical to support Table 1: Question Classification Taxonomy.



2.2 QC in Question Answering - A Case Study and Roth, 2002) based on the sequential model of

In this section, we provide evidence that using questiofulti-class classification, as described in (Even-Zohar
classification results for reranking the passages sugind Roth, 2001). The basic idea of this model is to
plied by a passage retrieval engine, which is a commosfink the set of possible class labeterifusion st
component in question answering systems, can dra2f @ given question step by step by concatenating a se-
matically improve the precision of returned passagesduence of simple classifiers. In order to allow a sim-
The evaluation is performed on the questions in TREQ?I€ classifier to output more than one class label in
2002 (Voorhees, 2002). each step, the classifier's output activation is normal-

The passage retrieval method we use is an ada[ﬂzed into a density over the class labels and is thresh-

tation of the Okapi BM25 document retrieval algo- ©'ded- _ o .

rithm (Robertson et al., 1998) with typical parameter | N€ question classifier is built by combining a se-
values § = 0.75, ky = 1.2, ks — o0) under the imple-  duence of two simple classifiers. The f|r§t_ classifies
mentation provided by LEMUR We divide each doc- 9uestions into coarse classésoarse Classifigrand
ument into overlapping 3-sentence passages for indexX€ second into fine classesife Classifie). Each of
ing. The question itself is directly used as the queryNem utilizes the Winnow algorithm within the SNoW
and 1000 passages were retrieved for each query. ThiSParse Network of Winnow (Carlson et al., 1999))
original ranking is then compared against a reranking@am,‘ng architecture which leams a separate Imegr
where any passage containing a term of the fine graine ynction over the features for each class label effi-

semantic class decided by classification of this ques(_:lently. A feature extractor automatically extracts the

tion is ranked higher than those do not. One caveatame features for them based on multiple syntactic, se-

here is that we removed from our test set questions gnantic analysis results and external knowledge of the
semantic classes which can not be annotated by ouestion. The second classifier depends on the first in

named entity tagger and those without known answerdhat its candidate labels are generated by expanding the
We evaluateaverage precision of relevant pas- set of retained coarse classes from the first into a set of

1 ¢ i fine classes; this set is then treated as the confusion
Sages(E Zi:l rank of the ith relevant passage’ where

n is the total number of relevant passages containinéet for the second classifier. Figure 1 shows the basic

the correct answer in the 1,000 returned.) for each
guestion. The relative precision increasés) @ver-

aged on questions by reranking are seen in Table 2. Co ABBR, ENTITY,DESC, HUMAN,LOC,NUM
Coarse Classes NUM ENTY LOC HUM TOTAL I
# of Questions 147 53 101 88 389 I Classifi
#Increase/# Decrease.| 116/0 | 12/0 7573 6471 26714 CEIED GIEEEIIE
Avg. Rel. Prec. Increase| 43.7% 54.0% 71.3% | 27.2% 48.5% C1
1
. . . 1 v H !
Table 2: Relative Precision Increase of Reranked Pas-mapcoarseciasses . _ 20" __ _"¢" _______ ., __ :
to fine classes 1 1- x

sages. The rows show coarse classes of questions eval-
uated, the total number of questions tested in each
coarse class, the number of questions whose retrieving
precisions are increased and decreased by reranking, l
and the average relative precision increase over ques-
tions in each coarse class respectively.

An example of a question that benefits from this
method is:(NUM:money) What is the GDP of China?
Too many passages cont&hinain the document col-
lection andGDP does not help much to filter out irrel- structure of the hierarchical classifier. During either
evant passages since it is not completely trivial to unifythe training or the testing stage, a question is processed
it with all of its equivalent representations. Therefore,along one single path top-down to get classified. The
associating the question classification outcome indicatconfusion set of the question is shrank from the set of

ing that we are looking for dollar amountdrastically ~ all possible coarse class€s to C; by the classifier.
cision model is used to choose class labels for a ques-
23  Learnin tion Classifier tion (Cy — Cy andC, — C3). Given a confusion set,

3 Leaming a Question C ass. € . SNoW outputs a density over the classes derived from
To adapt to the layered semantic hierarchy of answethe activation of each class. After ranking the classes
types, we adopt a hierarchical learning classifier (Liin the decreasing order of density values, we have the

possible class labels = {¢;,¢a,. .., ¢y}, with their
®The Lemur Toolkit for Language Modeling in Informa- densitiesP = {py, ps,...,p,} (Where,> "  p; =1,
tion Retrieval.See http://www.cs.cmu.edu/ lemur 0 <p; <1,1 <i<mn). For each question we output

Figure 1: The hierarchical classifier



the firstk classes{ < k < 5), ¢1, ¢, ... ¢, Wherek 3.2 Semantic Features

satisfies, . ) _ _ _
Similar logic can be applied to semantic categories.

In many cases, the property seems not depend on the
— specific word used in the sentence — that could be re-
_ S ) placed without affecting this property — but rather on
‘T is a threshold value in [0,1]I{ = 0.95 is chosen  jis ‘meaning’. For example, given the questiaithat
in the experiments.). For evaluation purpose, only 0nghan dictator did Fidel Castro force out of power
coarse class iy and one fine class it with the  j, 19587 we would like to determine that its answer
highest rank are counted as the final output of the classpouid be a name of a person. Knowing ttatator
sifier. refers to a person is essential to correct classification.
This work systematically studies four semantic in-
formation sources and their contribution to classifi-
Machine Learning based classifiers typically take asation: (1) automatically acquired named entity cat-
input a feature-based representation of the domain ekgories -NE, (2) word senses in WordNet 1.7 (Fell-
ement (e.g., a question). For the current task, a quegaum, 1998) SemWN(3) manually constructed word
tion sentence is represented as a vector of features afidts related to specific categories of intereSemCSR
treated as a training or test example for learning. Theand (4) automatically generated semantically similar
mapping from a question to a class label is a lineamword lists (Pantel and Lin, 2002)SemSWL
function defined over this feature vector. For the four external semantic information sources,
In this work, several primitive feature types are de-we define semantic categories of words and incorpo-
rived from multiple sources of syntactic and lexical se-rate the information into question classification in the
mantic analysis of questions, each of which in itselfsame way: if a wordy occurs in a question, the ques-
could be a learning process, described later in this segion representation is augmented with the semantic cat-
tion. Over those primitive feature types, a set of operaegory(ies), of the word. For example, in the question:
tors are used to compose more complex features, suahat is the state flower of Californiafiven thatplant
as conjunctive (n-grams) and relational features. Onlyfor example) is the only semantic class of flower, the

‘active’ features are listed in our representation so thateature extractor addglant, an abstract label to the
despite the large number of potential features — abouguestion representation.

500,000 in the whole feature space, the size of each
example is small — hundreds of active features. Named Entities

t

k= min(argminz(Zpi >1T),5),

3 Features in Question Classification

3.1 Syntactic Features A named entity (NE) recognizer assign_s a seman-
. . . . . . tic category to some of the noun phrases in the ques-
In addition to the information that is readily available tion. The scope of the categories used here is broader
in the input instance, it is common in natural Ianguage[han the common named entity recognizer. With ad-

processing .tasks (0 augment sentence representatiggy, o categories that could help question answering,
with syntactic categories, under the assumption that thguch asprofession event holiday, plant, sport, medi-

sought-after property, for which we seek the CIaSSIerrt:al etc., we redefine our task in the direction of seman-

depends on the syntactic role of a word in the sentenCﬁ o : :
. c categorization. The named entity recognizer was
rather than the specific word (Roth, 1998). gonzat Yy ghizer w

Our baseline classifier makes use of the standargUIIt on the shallow parser described in (Punyakanok

POS inf i 4 oh it i racted b nd Roth, 2001), and was trained to categorize noun
information and phrase information extracte yphrases: into one of 34 different semantic categories
a shallow parser. Specifically, we ushunks(non-

: . of varying specificity. Its overall accuracy—,) is
overlapping phrases) aiad chunksextracted using above 90%For the questionho was the woman killed in

a publicly available chunker described in (Punyakanolghe Vietnam War Zthe named entity tagger will returiE:

and Roth, 2001). The following example IIIUStrateSWho was the [Num first] woman killed in the [Event Viet-

the information available when generating the SyntaXs am War] ? As described above, the identified named
augmented feature-based representation.

Question: Who was the first woman killed in the Vietham entities are added to the question representation.

War?
Chunking: [NP Who] [VP was] [NP the first woman] [VP WordNet Senses
killed] [PP in] [NP the Vietnam War] ? In WordNet (Fellbaum, 1998), words are organized

The head chunks denote the first noun or verb chunlaccording to their ‘senses’ (meanings). Words of the
after the question word in a question. For examplesame sense can, in principle, be exchanged in some
in the above question, the first noun chunk after thecontexts. The senses are organized in a hierarchy of
guestion wordVhois ‘the first woman’. The features hypernyms and hyponyms. Word senses provide an-
are represented as abstract tags in each example.  other effective way to describe the semantic category



of a word. For example, in WordNet 1.7, the wavd-  words. All the words (generally hundreds) in a list cor-

ter belongs to 5 senses. The first two senses are: responding to a target word are organized into different
Sense 1binary compound that occurs at room temper- Senses. For example, the wavdter has the following
ature as a colorless odorless liquid; similar words:

Sense 2body of water.

Sense 1 contains word$120, wate} while Sense 2 con-
tains{water, body of watér. Sense 1 has a hyperny®gnse
3: binary compound); and one hyponym of Sense Sense
4: tap water).

For each word in a question, all of its sense IDs
and direct hypernym and hyponym IDs are extracted a
features. This approach possibly introduces significa
noise to classification since only a small proportion of

senses are really related. Comparison of Semantic Sources

Class-Specific Related Words In an effort to compare the semantic information
Each question class frequently occurs together wittsources, Table 3 presents the average number of se-
a set of words which can be viewed as semanticallymantic features extracted for each test question from
related to this class. We analyzed abdud00 ques- each source. This indicates the increase in informa-
tions and constructed manually a list of related wordgion, which significantly differs among them. Named
for each question class. Those lists are different frormentities provide the least semantic information while
ordinary named entity lists in a way that they cross thePantel's categories provide the most as each of the cat-
boundary of the same syntactic role. Below are somegory reflects the semantical similarity among a much

examples of the word lists. broader range of words.
Question Class: Food

Sense 1:{oil gas fuel food milk liquid .}
Sense 2:{air moisture soil heat area rain snow ice}...

Sense 3:{waste sewage pollution runoff pollutan}...

One way of applying these lists in question classifi-
cation is to treat the target word of a list as the semantic
category of all the words in the list and in line with our

eneral method, and add this semantic category of the
ord as a feature.

{alcoholic apple beer berry breakfast brew butter candy Feature Type | avg. ¥ of features
cereal champagne cook delicious eat fat feed fish flavor food SemwN 16
fruit intake juice pickle pizza potato sweet tastg ... SemeoR ol

Question Class: Mountain
{hill ledge mesa mountain peak point range ridge slopeTable 3: The average number of semantic features
tallest volcanic volcanoy}. extracted for each test question based on different
The question class can be viewed as a ‘topic’ tagypes of semantic features. For example, there are 16
for words in the list, a type of semantic categories.SeEmMWN features extracted for each question on aver-
It's a semantic information source similar to the key-2age.
word information used in some earlier work (Herm-
jakob, 2001). The difference is that they are converted Among the four sources, named entity recognition is
into features here and combined with other types othe only context sensitive semantic analysis of words.
features to generate an automatically learned classifiefhe other three sources are likely to add some degree
o L . of noise to the representation of a question due to lack
D'St.”blftlor_]al S'm'!ar'Fy Based Categories of sense disambiguation. Furthermore, SemCSR is the
Distribution similarity (Lee, 1999) of words cap- only partially task-specific semantic analysis and all

tures the likelihood of them occurring in the same syn-gther sources can be applied in general classification
tactic structures in text. Depending on the type of detggks.

pendencies used to determine the distributional simi-

larity, it can be argued that words with high distribu- 4 Experimental Study

tion similarity have similar meanings. For example,

the words used in the following syntactic structures aredur experimental study focuses on (1) testing the per-

likely to be U.S. states. formance of the learned classifier in classifying factual
... appellate court  campaignin ... guestions into coarse and fine classes, and (2) compar-
.. capital governor of ... ing the contribution of different syntactic and semantic
... driver's license illegalin ... features to the classification quality.
.. 's sales tax senator for ... Based on the same framework of the hierarchical

Pantel and Lin (Pantel and Lin, 2002) proposedclassifier described before, we construct different clas-
a method to cluster words into semantically similarsifiers utilizing different feature sets and compare them
groups based on their distributional similarity with re- in experiments. The first group of classifiers compared
spect to dependencies in a large collection of texttake as input an incremental combination of syntactic
They built similar word lists for oveR0, 000 English  features (words, POS tags, chunks and head chunks).



In particular, the classifier takes as input all the syn-Classification Using Only Syntactic Features

tactic features is denoted as SYN. Then, another grou,pie 4 shows the classification accuracy of the hier-

of classifiers are constructed by adding different COMy,chica) classifier with different sets of syntactic fea-

binations of semantic features to the input of the SYN,,-a< in the first experimentWord, POS, Chunk

classifier. _ and Head(SYN) represent different feature sets con-
Three experiments are conducted for the above pulgyy,cted from an incremental combination of syntac-

poses. The first evaluates the accuracies of the hief;. features. For example, the feature aunk actu-
archical classifier for both coarse and fine classes US{lly contains all the featu,res in Word. POS. and adds
ing only syntactic features. The second evaluates th@hunks.Head(SYN)contains all the four types of syn-

contribution of different semantic features (all 15 pos-,qtic features. Overall, we get a 92.50% accuracy for

sible combinations of semantic feature types are addegd, 5 se classes and 85.00% for the fine classes using

to the SYN classifier and compared this way.). In the,| the syntactic features. The reason why the classi-

third experiment. we hope to find (_)Ut the relation be-fer hasa much lower performance in classifying fine
tween the contribution of semantic features and theasses compared with coarse classes is because there
size 'of the training set by training the classifier with 5.a far more fine classes and because they have less
training sets of different sizes. clear boundaries. Although it is not shown that chunks

The 1000 questions taken from TREC 10 and 11o,nyipyte to the classification quality in this experi-

serve as an ideal test set for classifying factual quessant in some other experiments, chunks are shown to

tions. 21'500_ training questions are collected fromentribyte when combined with other types of features.
three sources: 894 TREC 8 and 9 questions, abOUfpe fact that head chunk information contributes more
500 manually constructed questions for a few rargpan generic chunks indicates that the syntactic role of

classes, and questions from the collection published o,k is a factor that can not be ignored in this task.
by USC (Hovy et al., 2001). In the first two experi-

ments, the classifiers are trained on all these questions. Classifier  Word  POS  Chunk Head(SYN)
10 other training sets with incremental sizes of 2,000, Clgarse 88256100 8%119800 8%116800 gé-gg
4,000, ..., 20,000 questions built by randomly choos- ine - : : :
ing from th ions ar in the third experiz, . .
g from these questions are used in the third expe Table 4: Classification Accuracy of the hierarchical
ment. All the above questions were manually labelled e i : .
. . . . classifier for coarse and fine classes using an incremen-
according to our question hierarchy, with one label per S .
) . . tal combination of syntactic features.
question according to the majority of our annotators
Performance is evaluated by the global accuracy

of the classifiers for all the coarse or fine classescontribution of Semantic Features

(Accuracy), and the accuracy of the classifiers for aAlthough minor improvements occur in classifying

specific class cRrecision[c]), defined as follows: questions into coarse classes after semantic features

are also used in the second experiment, significant im-

provements are achieved for distinguishing between

o fine classes. Figure 2 presents the accuracy of the clas-

precison]d] = 1£.0J correct predictions of class c sifier for fine classes after semantic features are input

# of predictions of class c together with the SYN feature set.

: . . - The best accuracy for classifying fine classes in this
Note that since all questions are being classified, the . . A : o

lobal accuracy is identical to both precision and recal xperiment is 89.3%, using a combination .Of _feature
9 types {SYN, NE, SemCSR, SemSWL This is a

that are commonly used in similar experiments. More-, .
o o 28.7% error reduction (from 15% to 10.7%) over the

over, for specific classes, precision and recall are de:- - L .
P P SYN classifier. For simplicity, this feature sgBYN,

pendent although different — high precision on all spe—NE’ SemCSR, SemSWis denoted as ‘SEM' in the

ific cl implies high recall nly precision ; .
ciic classes Imples nigh recat, so, only precisio [C]Iater experiments. The results reflect that lexical se-
is shown in Figure 5. Note that only one coarse class O . S N .

) . . . . . mantic information has significant contribution to fine-
and one fine class with the highest rank in their density " e . .
; . grained classification, even without word sense disam-

value are counted as correct in evaluation. : : ; : .
biguation. In this experiment we also noticed that the
4.1 Experimental Results class-specific word lists (SemCSR), and similar word
lists (SemSWL) are the most independent beneficial

All the classifiers are trained on the 21,500 training o :
questions and tested on the 1,000 TREC 10 and 1§ources of semantic information because the coverage
’ ind the usage of them. All the relevant semantic cate-

guestions in the experiments except the case of studﬁ1 : .
ing the influence of training sizes. gories (synonyms in some sense) are output as features

for a word, so a broader range of words will output the
3Available at http://12r.cs.uiuc.edwbogcomp/data/QA/.  same feature which enforce its influence in learning.

# of correct predictions

Accuracy =
Y # of predictions




An interesting phenomenon is that named entity and
T T
Y0 gg 456 100.00% |
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3 3 40.00% 1 |
© o
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S el .
< oy 7% 20.00% |
10.00% -+ 7
85%- 7 0.00%
84.6% 1 2 3 4 5 6 7 8 9 10
oo o 84.4% |==SEM 74.25% | 80.30% | 83.00% | 85.10% | 85.70% | 86.80% | 87.05% | 87.60% | 88.00% | 88.05%
o NE SYN 66.10% | 72.40% | 76.90% | 78.85% | 80.60% | 81.40% | 81.70% | 83.75% | 84.60% | 83.95%
84% o 84% g Szm\ng . |—e—Err. Reduction | 24.04% | 28.62% | 26.41% | 20.55% | 26.29% | 20.03% | 20.23% | 23.69% | 22.08% | 25.54%
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83% L L
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Figure 2: Classification Accuracy for fine classes aftetFS'%uNr,e 3: dC:I‘aSsEsg:f:atlon Acc;thz:]cy ;/ersu_s training S'Zfe'
adding different combinations of semantic features tg an =Vl represent the learning curves o

the input of the SYN classifier. The X-axis is just a ran_the SYN clas_smer and the SEM cIas5|f|er_respect|ver.
dom arrangement of feature sets without a unit. Shape . Redu.c'tlon denotes the error reductlon' from t.he
in the graph represent the four types of semantic fea> YN classifier to the SEM classifier. The training size
ture {NE, SemWN, SemCSR, SemSW!defined in is 2000 x X and the test set is 1,000 TREC questions.
Sec. 3.2 and a juxtaposition of symbols represents th
use of a combination of different types(in addition to

SYN). For examplesy(O denotes that the classifier ties in_id(_entifying thgm. Questions belonging.lmsc
takes as input a combination of feature tyd@YN (description) andEntity:other (uncommon entities)
SemCSR, SemSWiL " are the most difficult, since their boundaries with other

classes are ill-defined.

ﬁ1em are far from uniform, reflecting different difficul-

o - — - —
WordNet features degrades the classification accuracy—ao e e Preceonld
1 1 i exp 17 94.11% manner 8 87.5%
to below baselln_e Whe_n used |ndependte_ntly. The possi- e Y PP nanner 8 e
ble reasons behind this are: named entities have a very body 4 100% o 19 89.47%
. 12 100% i 154 90.25%
small coverage over the words (0.23 active features per geave 13 7692% {itle p 100%
H . H currency 6 100% desc 3 100%
ql_Jest|on), and Wc_)rdNet adds more noise compared A 006 Sy o o7sem
with other semantic sourcks However, when com- event 4 75% country 21 95.23%
. . . . food 6 100% mount 2 100%
bined with other sources they do achieve an improve- inst 1 100% LOCother 116 89.65%
H lang 3 100% state 14 78.57%
ment in accuracy. ENTY:other 24 37.5% count 24 9166%
plant 3 100% date 145 100%
g . .. . product 6 66.66[;@ dist 37 97.290;0
Classification Performance vs. Training Size religion 1 100% money 6 100%
sport 4 75% NUM:_other 15 93.33%
The relation between classification accuracy of the ossoce 2t 06 | pefed 20 o
SYN classifier and the SEM classifier, and training termeq 2 6363 speed K 100%
. - . . A vel . tem
size, is tested in the third experiment and results are  ger 125 97.6% weight 4 100%
given in Figure 3. The error reduction from the SYN 2L 1000  89.3%

classifier to the SEM classifier on the 1,000 TREC
guestions is stable over 20% over all training sizes
also proving the distinctive contribution of semantic
features.

Table 5: Classification Accuracy for specific fine
tlasses with the feature set SEM. # denotes the number
of predictions made for each class and Precision[c] de-
notes the classification accuracy for a specific class c.
The classes not shown do not actually occur in the test

collection.
Some other interesting phenomena have also been ob-

served in our experiments. The classification accurac
of the SEM classifier for individual fine classes is given
by Table 5. The results indicate that accuracies fo

4.2 Further Analysis

To better understand the classification results, we
Yalso split the 1,000 test questions into different groups
ccording to their question words, thatWghat Which
ha When Where How andWhyquestions. A base-
mr two sense features for each word is correcfiN€ classifier,Wh-Classifier, is constructed by clas-

when using WordNet. SemSWL may have a lower ambigu-Sifying each group of questions into its most typ-
ity. ical fine class. Table 6 shows recall (defined as



#of C;:T()‘}Cttf:fgff;ftdij:js“O"s) of the Wh-Classifier context sensitive methods for most of the semantic in-
and the SEM classifier on different groups of ques-formation sources and to enlarge the coverage of the
tions. The typical fine classes in each group anchamed entity recognizer. Furthermore, we hope to ex-
the number of questions in each class are also givertend this work to support interactive question answer-
The distribution ofWhatquestions over the semantic ing. In this task, the question answering could be able
classes is quite diverse, and therefore more difficult tdo interact with users which may require even larger
classify than other groups. From this table, we havecoverage of semantic classes and more robustness.
also noticed that classifying questions simply based on

question words (1) does not corresponds well to thdReferences
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