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Abstract. In this article we will intro duce a new approach (and seweral
implementations) to the task of sertence classi cation, where pre-de ned
classesare assignedto sertences. This approach concertrates on struc-
tural information that is presert in the sertences. This information is
extracted using machine learning techniques and the patterns found are
usedto classify the sertences. The approach ts in betweenthe existing
machine learning and hand-crafting of regular expressionsapproaches,
and it combines the best of both. The sequerial information presert in
the sertencesis used directly, classi ers can be generated automatically
and the output and intermediate represertations can be investigated and
manually optimised if needed.

1 Introduction

Sertenceclassi cation is an important task in various natural languageprocess-
ing applications. The goal of this task is to assignpre-de ned classedo sertences
(or perhapssequencesn the more general case). For example, documert sum-
marisersthat are basedon the method of text extraction, identify key sertences
in the original documert. Some of these summarisers (e.g. [4,8]) classify the
extracted sertencesto enablea exible summarisation process.

Sertenceclassi cation is alsoa certral componert of question-ansvering sys-
tems (e.g. the systemsparticipating in the question answering track of TREC1).
Di eren t typesof questionsprompt di erent proceduresto nd the answer. Thus,
during a question analysis stagethe question is classi ed among a set of prede-
ned expected answer types (EAT). Classescan be, for instance, \n umber" or
\lo cation”, but they can also be more ne-grained, suc as\n umber-distance",
\n umber-weight", \lo cation-city", or \lo cation-mountain”.

Here, we will introduce a novel approach to the problem of sertence classi -
cation, basedon structural information that can be found in the sertences.Re-
occurring structures, such asHow far ... may help nding the correct sertence
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class(in this casea questionwith EAT \distance"). The approach described here
automatically nds these structures during training and usesthis information
when classifying new sertences.

In the next section, the main approach will be described, as well as two dif-
ferent systems(with corresponding implementations) basedon this idea. To get
a feeling for whether the approad is feasible, we have applied implementations
of the systemsto real data in the context of question classi cation. The results
published hereindirectly provide insight in the approach. We will concludewith
an overview of the advantages and disadvantages of these systemsand nish
with a discussionof future work.

2 Approach

Pastapproacdesto sertenceclassi cation canberoughly divided into two groups:
machine learning and regular expression approades.

Grouping sertencesin a xed set of classesis typically a classi cation task
for which \standard" machine learning techniquescan be used.In fact, this has
beendonein the past [4,6,14]. Howewer, an inconvenienceof these methods is
that the intermediate data produced by most machine learning techniques is
dicult to interpret by a human reader. Therefore, these methods do not help
to understand the classi cation task, and consequetly the determination of the
featuresto useby the classi er is usually reducedto a processof trial and error,
where past trials do not help much to determine the optimal set of features.

Also, many features that are or have been used do not allow a description
of the inherently sequettial aspect of sertences. For example, bags of words,
occurrenceof part-of-speed (POS) tags, or semartically related words, all lose
the sequettial ordering of words. The order of words in a sertence contains
information that may be useful for the classi cation.

The alternativ e approadc, handcrafted regular expressionghat indicate when
sertencesbelong to a certain classdo (in contrast to the machine learning ap-
proach) maintain word order information. As an example,onemight considerthe
regular expression/*How far/ that can be usedto classify questionsas having
an EAT of \distance". This method brings fairly acceptableresults when there
are speci ¢ structures in the sertencethat clearly mark the sertencetype, asis
the casewith question classi cation into a coarse-grainedset of EAT [9,13]. The
regular expressionapproacd also hasthe advantage that regular expressionsare
human readable and easyto understand. However, creating them is not always
trivial. Having many ne-grained classesmakesit extremely hard to manually
create regular expressionsthat distinguish betweenclosely related classes.

Our method aims at using the advantagesof both methods basedon machine
learning and methods based on regular expressions.Using machine learning,
patterns are extracted from the training data. The resulting patterns are easy
to read by humans, and we believe they give insight about the structure of the
sertences and the ordering of words therein. These patterns serve as regular



expressionsduring the classi cation task. An overview of the approach is given
in Figure 1.

Training Extract ! Structure

Data | Structure

Sertence I'Sertence ! Class
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Fig. 1. Overview of the structure induction classi cation process

In the next two sections, we will describe two classi ers that t into this
approach. The alignment-based learning classi er usesa grammatical inference
systemto nd structure in the sertencesexplicitly. This structure is corverted
into a set of regular expressionsthat are fed to the classi er. The trie classier
builds a trie structure that represens the sertencesin the training corpus. It
nds regularities in the trie and classi es new sertencesusing theseregularities.

2.1 Alignmen t-Based Learning Classier

The structure extraction phaseof the rst systemis done by Alignment-Based
Learning (ABL). ABL is a genericgrammatical inferenceframework, that learns
structure using plain text only. It has been applied to seweral corpora in dif-
ferent languageswith good results [10] and it also compareswell against other
grammatical inferencesystems[12].

The underlying idea of ABL is that constituents in sertencescan be inter-
changed. To give an example, if we substitute the noun phrasethe man in the
sertence He seesthe man with another noun phrase a woman, we get another
valid sertence: He seesa woman. This processcan be reversed(by aligning sen-
tences) and possible constituents, called hypotheses,are found and marked as
such by grouping them. This is called the alignmert learning phase. Table 1
shows the structure that would be learned from a sample of four sertences.
Grouping is marked by parentheses.

The ABL framework consists of two more phases:clustering and selection
learning. The clustering phase groups similar non-terminal labels that are as-
signed to the hypothesesduring the alignment learning phase. The selection
learning phaseresolves a problem of the alignment learning phase. The align-
mernt learning phasemay intro duce overlapping hypotheses.Theseare unwanted
if the underlying grammar is consideredcontext-free and the resulting structure
is taken as a parse of the sertence using the underlying grammar. However,
we are not interested in this now, we only need the structure that is found.
Therefore, neither clustering nor selection learning are used here and we only
concertrate on the results of the alignment learning phase.



Seweral methods of the alignment learning phasehave beendescribed in the
literature [3,10]. Due to practical restrictions of time and space(memory) [11],
we have usedthe su xtree implemertation [3]. Here, the alignments are found
by building a su xtree, which uncovers re-occurring sequencef words in the
sertences.Using these sequencesthe hypothesesare intro duced.

Once the structure has been found, it is extracted and used in classi ca-
tion. Each training sertence is assaiated with its corresponding class, so the
structure extracted from a certain sertence provides some evidence that this
structure is related to the class.If a structure occurswith seweral classeqi.e. it
occurs in multiple sertencesthat have di erent classesassaiated with them),
the structure is stored with all classesand their respective frequencies.

The stored structures can be seenasregular expressionssoduring classi ca-
tion, all structures can be matched to the new sertence. If a regular expression
matches, its classand corresponding frequency information is remembered and
when all structures have beentried, the classwith the highest frequencyis se-
lected as output.

We will explain the di erent implementations by walking through an exam-
ple. For this, we take a look at question classi cation with a set of four training
questions and two EAT. Consider the questions combined with the structure
found by ABL and their EAT depicted in Table 1.

Table 1. Example questions with ABL structure

\DESC" (What) (is (caeine) )
\DESC" (What) (is (Teon) )
\LOC" (Where) is (Milan)

\LOC" What (are the twin cities)

Table 2. Regular expressionsfound by ABL-based methods

hypo unhypo

caeine \DESC" 1||What is \DESC" 2
is ca eine \DESC" 1||What \DESC" 2
What \DESC" 2||is ca eine \DESC" 1
Teon \DESC" 1jlisTeon \DESC" 1
is Teon \DESC" 1||Where is \LOC" 1
Milan \LOC" 1j|is Milan \LOC" 1
Where \LOC" 1{|What \LoC" 1
are the twin cities \LOC" 1




The rst implementation, which we will call hypo, takesthe words in the hy-
potheses(i.e. the words betweenthe brackets), turns them into regular expres-
sions and stores them together with the corresponding EAT of the questions.
The resulting regular expressionscan be found in Table 2. For example,the rst
two questionsboth generatethe regular expression/What/ combined with EAT
\DESC", soit hasfrequency?2.

The secondimplementation, called unhypo, takes ead hypothesis and re-
moves it from the question when it is turned into a regular expression.The
regular expressionsextracted from the example questions can also be found in
Table 2. For example,the rst two questionswould intro duce /What/ combined
with EAT \DESC" and frequency 2. The last question would intro duce /What/
with class\LOC" and frequency 1.

Once the structures are stored with their class and frequency the actual
classi cation can start. We have built two methods that combine the evidence
for classesof the sertence dierently. Both start with trying to match eath
of the stored regular expressionsagainst the sertence. If a regular expression
matches,the rst method (called default) will increasethe counts of the classes
of the question with the frequencythat is stored with the classesof the regular
expression.

The secondmethod (called prior ) will increasethe counts of the classesof
the sentencethat are related to the regular expressionwith 1 (where the default
method would increaseit with the frequency count of ead class).

When all regular expressionsare tried, the default method selectsthe class
with the highest frequency (if there are more with the same frequency one
is chosenat random), whereasthe prior method also selectsthe one with the
highest count, but if there are more than one, it selectsone basedon the class
with the highest overall frequency

2.2 Trie Classier

The other system we describe here is basedon nding structure using a trie.
By searding this data structure, it can be useddirectly to classify new, unseen
sertences.The work discussedhere is an extension of the work in [7].

A trie T(S) is a well-known data structure that can be usedto store a
set of sertencesin an e cient way. It is de ned by a recursive rule T(S) =

our case).S=a, is the setof sequenceshat contains all sequence®f S that start
with a,, but stripped of that initial elemen [2].

In eadh node, local information extracted during training is stored. This
includes the word, classand frequency information. Since ead node represerts
part of aunique path in the trie, frequencyinformation is the number of sertences
that usethat particular node in a path in the trie.

To get a feeling for what a trie looks like, Figure 2 illustrates the trie con-
taining the questionsof Table 1 (without the bracketed structure generatedby
ABL). Extra information is stored per node, so for instance, the node that is



reached by following the path What contains \DESC": 2 and \LOC": 1 asfre-
guency information, which is similar to the information found by the unhypo
system.

caeine

What Teon
O . Oo——
the twin cities
Where O - O -
is Milan

Fig. 2. The trie containing the example questions

The classi cation of new sertencesis performed by extracting the classin-
formation stored in the trie nodes. The words of the new sertence are usedto
nd a path in the trie. The classinformation can then be extracted from the
nal node of the path through the trie. To be more concrete,considera sertence

nding the path T(S=s=5,=:::=%;). The classinformation stored in the nal
node of the path is returned.

Notice that only with the sertencespresen in the training data, we can nd
a complete path in the trie (ending in a nal node). To nd a path for sen-
tencesthat have not beenseenin the training data, we skip non-matching words
wherever neededto complete the path. This is called the look-ahed process.

The look-ahead processworks as follows. Let us say that the words of sen-
tence S match up to s, k < n, and the next word doesnot match sy.; . That
is, T(S=g=%=:::=% 1=%) 6 ;, and T(S=5==:::=% 1=%=S=+1) = ;. The
look-aheadprocesghen builds a setof sub-tries T (S=g=S=!: 1= 1=%= =%+2 ),
with 2 fXjT(S=g=5=::=% 1=%=X) 6 ;0.

One of thesesub-tries is selectedbasedon the frequencyof the pre x de ned
by the sub-trie in the training data. In other words, for each sub-trie in the
set, the pre x is extracted (S1;S2;:::;Sk 1;Sk; ;Sk+2) and the frequencyof this
pre x in the training data is looked up. The sub-trie that hasthe pre x with
the highest frequencyassaiated to it is selected.This de nes and the process
continues with the next word until all words in the sertence are consumed.In
a sensewe are replacing sy with . This de nes a nal node for the particular
sertence and the classinformation presern in that node is usedto nd a class.

Here, we will describe two di erent implementations of the classi cation sys-
tem usingatrie structure. The rst usesa method called strict, wherea word can
only be replaced(if needed)by another word if s+2 in the sertencematchesthe
information in the trie. If there are seweral options, the onethat hasthe highest
frequencyis selected.If no option is found, the seard processstopsat that node
and the classinformation is retrieved from node sy.



The secondtrie-based implemertation, called ex, allows a word in the sen-
tenceto be replacedwith oneor more wordsin the trie. Initially , it works similar
to the strict method. Howevwer, if no  set of sub-tries can be found, becauseno
match on sg+> canbe found, it considers asin T(S=g=S=:::=% 1=%= =),
where canbe anything and should match sy, . If no such can be found, it
tries to match  with the next sertencetoken, i.e. sx+3 . This cortinuesuntil a
match is found, or the end of the sertenceis reached (and the classinformation
presern in T(S=s=S=:::=% 1=%) IS used). Again, if at some point multiple
options are intro duced, the most frequert is selected.

3 Results

3.1 Data

To get a feeling of the feasibility of the structure-based classi cation approad,
we have applied the implementations described above to the annotated TREC
questions[6]. This is a collection of 5,452 questionsthat can be usedastraining
data and 500 questionstesting data. The mean question length is 10.2 words
in the training data and 7.5 words in the testing data. The corpus contains
coarse-grainedand ne-grained EAT information for eact of the questions.In
total, there are 6 coarse-grainedclassesand 50 ne-grained classes.Note that
8 ne-grained classesdo not occur in the testing data. Someexample questions

are:
\NUM:dist" How tall is the SearsBuilding ?

\NUM:p eriod" How old was Elvis Presleywhen he died ?
\LOC:cit y" What city had a world fair in 19007
\LOC:other"  What hemisphereis the Philippines in ?

There are some minor errors in the data that will aect the result of the
structural, sequetial systemsdescribed in this article.? In addition to an odd
incorrect character, a few questionsin the training data have POS tags instead

of words:
Who wrote NN DT NNP NNP " ?

What did 8, CD NNS VBP TO VB NNP POS NN .
Why do USA fax machines not work in UK , NNP ?

In [6], some additional problems with the data are described. Firstly, the
training and testing data are gathered from di erent sources.In initial experi-
merts, we found that this has quite an e ect on the performance. The systems
described in this article perform much better during developmen on the train-
ing data (using ten fold cross-alidation) than on the testing data.® However, to
make the most of the limited amount of data that is available, we have decided
to stick with this division.

Secondly in [6] it is mertioned that somequestionsare ambiguous in their
EAT. For example,What do bats eat? can be classi ed in EAT \fo od", \plant",

2 We have decided to usethe original data, without correcting the errors.
% The di erence in performance of the systemsdisplayed here is similar to that during
developmert.



or\animal". They (partially) solve this by assigningmultiple answersto a ques-
tion. An adjusted precision metric is then neededto incorporate the multiple
answers. We have decided not to do this (even though it is possibleto do so),
becausewe investigate the feasibility of the approacd, which is not only depen-
dent on the results of the systemsapplied to a particular problem. The approac
encompassesany di erent systemsof which only a few are tested here. Instead
of focusing on the actual results, we want to show the validity of the structure
induction approach in general.

Part-of-sp eech In addition to applying the systemson the plain text, we also
apply them to tokensconsisting of the word combined with their POS tag. This
illustrates that the algorithms in the classi cation framework are not just limited
to plain text. Extra information can be addedto the data.

We create the POS information using the Brill tagger [1]. The POS informa-
tion is simply combined with the plain words. However, adjacern wordsthat have
the samePOS are combined into onetoken. Thus, the question Who is Federico
Fellini? is, after POS tagging, divided into three tokens:(Who, WP), (is, VBZ)
and (Federico Fellini, NNP). Federico and Fellini are combined in one unique
token, becauseFedericoand Fellini are adjacert words that have the samePOS.

The ABL approacd simply usesthese complex tokens as elemenary units,
sofor tokensto be aligned, both the word and its POS tag have to match. The
trie approad is slightly modi ed. When searding for a matching (i.e. when
the word and POS tag do not match in the trie), the additional information of
that position in the sub-tries should match. This meansthat in this case,the
POS tag of the nodesin the trie should match the POS tag of the word in
that position in the sertence.

3.2 Numerical Results

The dierent systemsare rst allowed to learn using the training data, and
after learning, they are applied to the testing data. The output of the systems
is compared against the correct class(as presert in the testing data) and the
precision is computed

# correctly classi ed questions
total # of questions

precision=

The results of all implementations can be found in Table 3. To be able to
compare the results, we have also computed a baseline. This simple baseline
always selectsthe most frequernt classaccordingto the training data. This is the
\HUM:ind" classfor the ne-grained data and \ENTY" for the coarse-grained
data. This baselineis, of course,the samefor the plain words and POS tagged
data. All implementations perform well above the baseline.

Looking at the coarse-grainedresults of the implementations using ABL, it
shows that adding POS information to the words helpsimproving performance.
We suspect that the POS information guides the alignment learning phasein



that the POS restricts certain alignmerts. For example, words that can be a
noun or a verb can now only be matched when their POS is the same.Howeer,
slightly fewer regular expressionsare found becauseof this.

The trie-based implementations do not benet from the POS information.
We think that this is becausethe POS information is too coarse-grainedfor
matching. Instead of trying to nd a correct position to contin ue walking through
the trie by nding the right word, only a rough approximation is found, namely
a word that hasthe samePOS.

Overall, it shows that the trie-based approach outperforms the ABL imple-
mentations. We expect that it hasto do with how the trie-basedimplementations
keeptrack of the sequenceof the words in a question, whereasthe ABL-based
implementations merely test if word sequence®ccur in the question.

Table 3. Results of the ABL and Trie systemson question classi cation

coarse ne

words|POS [jwords|POS
Baseline 0.1880.188| 0.1100.110
ABL (hypo |default|| 0.516(0.682|| 0.336/0.628
prior 0.554/0.624{| 0.2380.472
unhypo|default|| 0.652/0.638| 0.5720.558
prior 0.5800.594j| 0.5200.432
Trie |strict 0.844(0.812| 0.7380.710
ex 0.8500.794)| 0.7420.692

The results on the ne-grained data show similar trends. Adding POS gener-
ally improvesthe ABL-based system,however, this is not the casefor the unhypo
implemertation. Again, the performanceof the trie-based systemdecreasesvhen
POS information is added.

To get a further idea of how the systemsreact to the data, we give somead-
ditional information. Each ABL-based classi er extracts roughly 115,000regular
expressionswhen applied to the training data and the trie that contains the set
of training questionsconsistsof nearly 32,000nodes.

When investigating how the trie-based systemworks, we noticed that around
90% of the questionsthat performed replacemen (15% of the total number
of questions) in the strict method (on the POS tagged data) provided correct
results. This indicates that replacemernt in this implementations is often per-
formed correctly. However, in the ex method on the samedata, the sametest
shows a much lower succesgate (around 65%). We think that this is due to the
fewer constraints for the substitution in the latter method, causingit to occur
in more than a half of the questions.

Unfortunately, it is hard to comparetheseresults to other published results,
becausethe data and corresponding classes(EAT) are often dierent. Given



that [6] usesmore information during classi cation (among others, chunks and
named ertities), the comparison is not reliable. We decided to compare our
resultsto thosein [14], who usedthe samequestiondata to train various machine
learning methods on bag-of-words features and bag-ofn-grams features. Their
results ranged from 75.6% (Nearest Neighbours on words) to 87.4% (SVM on
n-grams) in the coarse-graineddata and from 58.4% (Nasve Bayeson words) to
80.2% (SVM on words) in the ne-grained data. Our results t near the top on
course-grainedand near the middle on ne-grained data.

4 Future Work

The results on the question classi cation task indicate that classi cation based
on induced structure is an interesting new approach to the more general task
of sertence classi cation. Howewer, there are many more systemsthat fall into
the structure-based classi cation framework. These systemscan be completely
di erent from the onesdescribed here, but modi cations or extensionsof these
systemsare also possible.

For example, some preliminary experiments show that in the case of the
ABL-based system, it may be useful to retain only the regular expressionsthat
are uniquely assaiated with a class.Taking only theseregular expressionanakes
hand-tuning of the expressionseasierand the amount of regular expressionsis
reduced, which makesthem more manageable.

More complexregular expressionsanbelearnedfrom the data, incorporating
more information from the structure found by the system. For instance, there
can be further restrictions on the words that are skipped by the systemsor even
systemsthat perform robust partial parsing using the extracted structure can
be ernvisioned.

Perhaps other grammatical inference techniques are better suited for the
task described here. Alternativ e trie-based implementations include those using
nite-state grammatical inferencetechniques suc as EDSM or blue-fringe [5].

An interesting characteristic we found in the trie-based systemis the discov-
ering of semariic relations betweenthe replacedtokensand their  substitutes.
In Table 4 we give a few subsetsof related tokensthat have beenfound. Similar
groups of syntactic/semantic related words or word groups can be found using
the ABL framework aswell, asshown in [10, pp. 76{77]. In fact, theseare found
using their context only. Words or word groups that tend to occur in the same
contexts alsotend to be usedsimilarly, which is found in both systems.We plan
to usethis knowledgeto place extra restrictions in the regular expressions.

Finally, we suspect that the structure (in the form of a trie or regular ex-
pressions)may help in tasks related to sertence classi cation, such as nding
the focus of the question, which is another part of the question analysis phase
of question answering systems.The learned structure may give an indication on
wherein the questionthis information can be found. For example,if the regular
expression/How far is .* from .*/ isfound, the systemcanunderstand that



Table 4. Similar tokensfound by the trie-based approach

Galileo triglycerides |calculator Milan

Monet amphibians |radio Trinidad
Lacan Bellworts toothbrush  |Logan Airp ort
Darius dingoes paper clip Guam

Jean Nicolet |values game bowling [Rider College
Jane Goodall [boxcars stethoscope |Ocho Rios
Thucydides [tannins lawnmower |Sarta Lucia
Damocles |gedkos fax machine |Amsterdam
Quetzalcoatl |chloroplasts [fountain Natick
Confucius invertebrates|horoscope Kings Canyon

it should nd the distance betweenthe values of the variables (.* ). This is one
areathat we intend to explore further.

5 Conclusion

In this article, we have introduced a new approach to sertence classi cation.
From the (annotated) training data, structure is extracted and this is usedto
classify new, unseen sertences. Within the approach many di erent systems
are possibleand in this article we have illustrated and evaluated two di erent
systems. One system usesa grammatical inference system, Alignment-Based
Learning, the other system makesuse of a trie structure.

The approadh falls in betweenthe two existing approadces:\standard" ma-
chine learning techniques and manually created regular expressions.Using ma-
chine learning techniques, regular expressionsare created automatically, which
can be matched against new sertences. The regular expressionsare human-
readableand can be adjusted manually, if needed.

The results on the annotated questionsof the TREC10 data, which stand in
line with the current state-of-the-art results, shav that the approad is feasible
and both systemsgenerate acceptable results. We expect that future systems
that fall in the structure induced sertence classi cation framework will yield
even better performance.
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