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Abstract In this paper, similarly to our previous approach,
Natural Language Processing (NLP) for Infor- we design an SVM-based answer extractor, that se-
mation Retrieval has always been an interest-  lects the correct answers from those provided by a
ing and challenging research area. Despite the ~ basic QA system by applying tree kernel technol-
high expectations, most of the results indicate  ogy. However, we also provide: (i) a new kernel
that successfully using NLP is very complex.  to process PASs based on the partial tree kernel al-
In this paper, we show how Support Vector  gqrithm (PAS-PTK), which is highly more efficient
Machines along with kemel functions can ef- 54 more accurate than the SSTK and (i) a new ker-

fectively represent syntax and semantics. Our
experiments on question/answer classification nel called Part of Speech sequence kernel (POSSK),

show that the above models highly improveon  Which proves very accurate to represent shallow syn-

bag-of-words on a TREC dataset. tactic information in the learning algorithm.
) To experiment with our models, we built two
1 Introduction different corpora, WEB-QA and TREC-QA by us-

Question Answering (QA) is an IR task where thdng the description questions from TREC 2001
major complexity resides in question processingVoorhees, 2001) and annotating the answers re-
and answer extraction (Chen et al., 2006; Collinstrieved from Web resp. TREC data (available at
Thompson et al., 2004) rather than document refisi.unitn.it/ ~silviag ). Comparative exper-
trieval (a step usually carried out by off-the shelf IRments with re-ranking models of increasing com-
engines). In question processing, useful informatioplexity show that: (a) PAS-PTK is far more efficient
is gathered from the question and a query is creatednd effective than SSTK, (b) POSSK provides a re-
This is submitted to an IR module, which providesmarkable further improvement on previous models.
a ranked list of relevant documents. From these, tfEinally, our experiments on the TREC-QA dataset,
QA system extracts one or more candidate answelg-biased by the presence of typical Web phrasings,
which can then be re-ranked following various criteshow that BOW is inadequate to learn relations be-
ria. Although typical methods are based exclusivelyjween questions and answers. This is the reason
on word similarity between query and answer, recenhy our kernels on linguistic structures improve it
work, e.g. (Shen and Lapata, 2007) has shown thby 63%, which is a remarkable result for an IR task
shallow semantic information in the form of predi-(Allan, 2000).

cate argument structures (PASs) improves the autg-  Kernels for Q/A Classification

matic detection of correct answers to a target 9U€3e design of an answer extractor basically depends

tion. 'In (Moschitti et al., 2007), we proposed theon the design of a classifier that decides if an an-

Shallow Semantic Tree Kernel (SSTK) designed tQ | d h .
encode PASSIN SYMs swer correcty_respon s to the target qu.estlon. We
' design a classifier based on SVMs and different ker-

%in PropBank format,Www.cis.upenn.edu/  ~ace). nels applied to several forms of question and answer
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Figure 1: Compact PAS-PTK structuressef(a) andss (b) and some fragments they have in common as produced by
the PTK (c). Arguments are replaced with their most impdrntesrd (or semantic head) to reduce data sparseness.

representations: similar way.
(1) linear kernels on the bag-of-words (BOW) or To take advantage of semantic representations, we
bag-of-POS-tags (POS) features, work with two types of semantic structures; first,

(2) the String Kernel (SK) (Shawe-Taylor and Cristhe Word Sequence Kernel applied to both ques-
tianini, 2004) on word sequences (WSK) and POSion and answer; gives,, sample substrings are:

tag sequences (POSSK), What is autism, What is, What autism, is autism,
(3) the Syntactic Tree Kernel (STK) (Collins andetc. Then, two PAS-based trees: Shallow Seman-
Duffy, 2002) on syntactic parse trees (PTs), tic Trees for SSTK and Shallow Semantic Trees for

(4) the Shallow Semantic Tree Kernel (SSTK) (MosPTK, both based on PropBank structures (Kings-

chitti et al., 2007) and the Partial Tree Kernel (PTKpury and Palmer, 2002) are automatically generated

(Moschitti, 2006) on PASs. by our SRL system (Moschitti et al., 2005). As an
In particular, POS-tag sequences and PAS treexample, let us consider an automatically annotated

used with SK and PTK yield to two innovative ker-sentence from our TREC-QA corpus:

nels, i.e. POSSK and PAS-PTKIn the next sec- s;: [4; Autism] is [« characterized] [ 4o by a broad

tions, we describe in more detail the data structurepectrum of behavior] [ z— a0 that] [;includes] [ 4, ex-

on which we applied the above kernels. treme inattention to surroundings and hypersensitivity to
. sound and other stimuli].
2.1 Syntactic Structures Such annotation can be used to design a shallow se-

The POSSK is obtained by applying the String Kermantic representation that can be matched against
nel on the sequence of POS-tags of a question gther semantically similar sentences, e.g.

a answer. For example, given sentenge What 97 [ a1 Panic disorder] is[,.; characterized] [ 4o by un-

is autism?, the associated POS sequenceWB reglistic or excessive anxiety].

AUX'NN ? and some of the substrings extracted byt can be observed here that, although autism is a
POSSK are/P NN or WP AUX. A more complete different disease from panic disorder, the structure
structure is the full parse tree (PT) of the sentencey hoth definitions and the latent semantics they con-
that constitutes the input of the STK. For instancegin (inherent to behavior, disorder, anxiety) are sim-
the STK accepts the syntactic par¢8BARQ (WHNP jlar, So for instances, appears as a definition even
(WP What))(SQ (VP (AUXis)(NP (NN autism))))(- ?)).  to someone who only knows what the definition of
autism looks like.
The above annotation can be compactly repre-

Lhe.:jntu't'ﬁ n be: ind our semanﬂc representatlog 'Sented by predicate argument structure trees (PASS)
the idea that when we ignore the answer to a E?g'uch as those in Figure 1. Here, we can notice that

inition question we check whether such answer 'the semantic similarity between sentences is explic-

formulated as a “typical” definition and whether an“|tly visible in terms of common fragments extracted

swers defining similar concepts are expressed mb@ the PTK from their respective PASs. Instead,

2For example, let PTK1,t2) = ¢(t1) - ¢(t2), wheret;  the similar PAS-SSTK representation in (Moschitti
and ¢, are two syntactic parse trees. If we mapandi. et al., 2007) does not take argument order into ac-
into t;‘/o (“)eW Sha'LC:W_ Serg?”Kt'C ”e)es 3“2(52 )W'tg(a ;“ap' count, thus it fails to capture the linguistic ratio-
pINng ¢onm(-), We obtain: S1,82) = S1) - So) = A .
(ot (1)) - Dlont(t2)) = &' (1) - o (t2)=PAS-PTKt 1), nale gxpressed above. Moreover, it is much heavier,
which is a noticeably different kernel induced by the magpin CaUSINg large memory occupancy and, as shown by
& = ¢opu. our experiments, much longer processing time.

2.2 Semantic Structures
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3 Experiments 240 1----oo P A P R S SR R

In our experiments we show that (a) the PAS-PTK 2004
shallow semantic tree kernel is more efficient and ef-,
fective than the SSTK proposed in (Moschitti et al. n
2007), and (b) our POSSK jointly used with PAS—- f”’

PTK and STK greatly improves on BOW. 80| -

3.1 Experimental Setup a0l
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In our experiments, we implemented the BOW and o
POS kernels, WSK, POSSK, STK (on syntactic
PTs derived automatically with Charniak’s parser),
SSTKand PTK (on PASs derived automatically with
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Figure 2: Efficiency of PTK and SSTK
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our SRL system) as well as their combinations in
SVM-light-TK3. Since answers often contain more
than one PAS (see Figure 1), we sum PTK (or SSTK)
applied to all pairs®; x P, P; and P, being the sets
of PASs of the first two answers.

The experimental datasets were created by sub
mitting the 138 TREC 2001 test questions labeled as
“description” in (Li and Roth, 2002) to our basic QA

easure

system, YourQA (Quarteroni and Manandhar, 2008) * [ T
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and by gathering the top 20 answer paragraphs. 10
YourQA was run on two sources: Web docu-
ments by exploiting Googlec¢de.google.com/
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Figure 3: Impact of different kernels on WEB-QA

apis/ ) and the AQUAINT data used for TREC'07
(trec.nist.gov/data/ga ) by exploiting Lucene 3
(lucene.apache.org ), yielding two different cor-
pora: WEB-QA and TREC-QA. Each sentence of
the returned paragraphs was manually evaluate@l

based on whether it contained a correct answer tg .
the corresponding question. To simplify our task, 2/ /-

we isolated for each paragraph the sentence with the
maximal judgment (such ag and s, in Sec. 2.2) 2
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and labeled it as positive if it answered the question *,
either concisely or with noise, negative otherwise.
The resulting WEB -QA corpus contains 1309 sen-
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Figure 4: Impact of different kernels on TREC-QA

contains 2256 sentences, 261 of which posmve each bin. Figure 2 shows that in both the test and
training phases, PTK is much faster than SSTK. In
training, PTK is 40 times faster, enabling the exper-
In a first experiment, we compared the learning aniinentation of SVMs with large datasets. This differ-

classification efficiency of SVMs on PASs by apply-ence is due to the combination of our lighter seman-
ing either solely PAS-SSTK or solely PAS-PTK ontic structures and the PTK’s ability to extract from

the WEB-QA and TREC-QA sets. We divided thethese at least the same information that SSTK de-

3.2 Results

training data in 9 bins of increasing size (with a stepives from much larger structures.

Toolkit available atdit.unitn.it/moschitti/ , based
on SVM-light (Joachims, 1999)
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Further interesting experiments regard the accu-
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racy tests of different kernels and some of their modternels provides an improvement of 5 absolute per-

promising combinations. As a kernel operator, weent points wrt our previous work.

applied the sum between kerrelthat yields the Finally, error analysis revealed that PAS-PTK can

joint feature space of the individual kernels (Shaweprovide patterns likai(x) R-Ai(that) rel(result)

Taylor and Cristianini, 2004). ALY) andA1(x) rel(characterize) AO(Y) , Wwherex
Figure 3 shows the F1-plots of several kernels a@ndy need not necessarily be matched.

cording to different cost-factor values (i.e. diﬁere”tAcknowledgments

Precision/Recall ra_tes)_. Each F1 value is the averagfis work was partly supported by the FP6 IST LUNA
of 5 fold cross-validation. We note that (a) BOWproject (contract No. 33549) and by the European

achieves very high accuracy, comparable to the O mmission Marie Curie Excellence Grant for the
produced by PT; (b) the BOW+PT combination im-,pamacH project (contract No. 022593).

proves on both single models; (¢c) WSK improves on

BOW and it is enhanced by WSK+PT, demonstratReferences

'ng that word sequences and PTs are very reI(_:"V"Jl\li].tAIIan. 2000. Natural language processing for informa-
for this task; (d) both PAS-SSTK and PAS-PTK im- tion retrieval. InProceedings of NAACL/ANLP (tuto-
prove on previous models yielding the highest result. rjal notes).

The high accuracy of BOW is surprising as sup¥. Chen, M. Zhou, and S. Wang. 2006. Reranking an-
port vectors are compared with test examples which swers from definitional QA using language models. In
are in general different (there are no questions ACL 06. _ .
shared between training and test set). The explan{: Collins and N. Duffy. 2002. New ranking algorithms

. . . . for parsing and tagging: Kernels over discrete struc-
tion resides in the fact that WEB-QA contains com- tures, and the voted perceptron AGL’ 02.

mon BOW patterns due to typical Web phrasingsK_ Collins-Thompson, J. Callan, E. Terra, and C. L.A.
€.g. Learn more about X , that facilitate the de-  cjarke. 2004. The effect of document retrieval quality
tection of incorrect answers. on factoid QA performance. I18/GIR 04.

Hence, to have un-biased results, we experi. Joachims. 1999. Making large-scale SVM learning
mented with the TREC corpus which is cleaner from Practical. In B. Schilkopf, C. Burges, and A. Smola,
a linguistic viewpoint and also more complex from €ditors.Advancesin Kernel Methods - Support Vector

: : : . Learning.
a QA perspective. A comparative analysis of Flgb

. . Kingsbury and M. Palmer. 2002. From Treebank to
ure 4 suggests that: (a) the F1 of all models is much ProgBanIZ. ILREC’ 02.

lower than for the WEB-QA dataset; (b) BOW de-x_ | jand D. Roth. 2002. Learning question classifiers.
notes the lowest accuracy; (c) POS combined with |n ACL’02.

PT improves on PT; (d) POSSK+PT improves om. Moschitti, B. Coppola, A. Giuglea, and R. Basili.
POS+PT; (f) finally, PAS adds further information 2005. Hierarchical semantic role labeling. ®oNLL

as the best model is POSSK+PT+PAS-PTK (or PAS- 2005 shared task.

SSTK). A. Moschitti, S. Quarteroni, R. Basili, and S. Manand-
har. 2007. Exploiting syntactic and shallow semantic
4 Conclusions kernels for question/answer classification A@L’ 07.

) ) o ) . A. Moschitti. 2006. Efficient convolution kernels
With respect to our previous findings, experimenting for dependency and constituent syntactic trees. In
with TREC-QA allowed us to show that BOW is not  gcmL’06.
relevant to learn re-ranking functions from exams. Quarteroni and S. Manandhar. 2008. Designing an
ples; indeed, while it is useful to establish an initial interactive open domain question answering system.
ranking by measuring the similarity between ques- Journ. of Nat. Lang. Eng. (in press).
tion and answer, BOW is almost irrelevant to grasg- Shawe-Taylor and N. Cristianini. 200Kernel Meth-
typical rules that suggest if a description is valid or dsfor Pattern Analysis. Cambridge University Press.

. . Shen and M. Lapata. 2007. Using semantic roles to
not. Moreover, using the new POSSK and PAS-PTIK improve question answering. EMNLP-CONLL.

5All adding kernels are normalized to have a similarit scoreE' M. Voorhees. 2001. Overview of the TREC 2001
between 0 ar?d 16K (X1, Xa) — K(X1,X2) y Question Answering Track. [RREC' 01.

C VEXX)XK(X2,X2)

116



