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Next Generation Web Search

Learning to Analyze Natural Language Texts

Giuseppe Attardi

Linguistic analysis is rarely used in information retrieval applications like Web search, classification or summarization.
Recent advances in statistical and machine learning techniques have spawned developing tools such as parsers or ma-
chine translators which are accurate and effective enough for large scale deployment. Future generation Web search
engines might perform linguistic analysis of documents to extract semantic relations and to enrich their indexes to provide
more sophisticated services than document retrieval. To illustrate these techniques, we outline how to build a dependency

parser which learns from examples.

Keywords: Information Access, Information Extraction,
Natural Language Processing, Opinion Mining, Parsing,
Question Answering.

"The difference between the intelligence of humans and
other mammals is that we have language™

Jeff Hawkins, "On Intelligence", 2004.

1 Introduction

Language is one of the fundamental abilities of the hu-
man mind: language not only enables us to communicate
but it also shapes our thoughts A recent study [6] showed
that members of a Brazilian tribe, whose language does not
define numbers above two, were unable to reliably tell the
difference between four objects placed in a row and five in
the same configuration.

Language is used to select or to create associations and
to communicate them: "Through language one human can
invoke memories and create next juxtapositions of mental
objects in another human" as Jeff Hawkins says in his fas-
cinating book "On Intelligence" [12].

Studies suggest that in most corporations, around 70%
of information is stored in human language text, rather than
in structured forms like databases: email, memoranda, re-
ports, operating handbooks, policy and position papers, etc.
On the Web an even higher percentage of information is
expressed in terms of textual documents, and even rich
multimedia documents eventually boil down to carrying
language expressions (e.g. song lyrics and movie dialogues).

Since people access information through the Web as well
as use computers for communicating with other people
(email, messaging, etc.), one would expect that the ability
to process language would be an essential part in many com-
puter applications. Nevertheless Natural Language Process-
ing (NLP) tools are still rarely used. Indeed, most applica-
tions in the field of Information Retrieval (IR), including
document search, classification, summarization, filtering and
so on, are based on representing a document as simply a
bag of words and on performing statistical analysis based
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on counting the frequencies of occurrence of words in a
document. Most attempts to exploit deeper linguistic analy-
sis of documents failed to achieve significant improvements
in these tasks.

Despite its effectiveness in certain tasks, the bag of words
approach appears limited, as it can only use those pieces of
information that are explicitly mentioned in the documents,
it fails to exploit synonyms, gets confused by ambiguous
terms, and misses important contextual information, for in-
stance the presence of negations.

Why is NLP not used, and some may even say not needed
in IR and in tools for information access on the Web? One
reason is that typically document retrieval accuracy has been
used as a primary measure of information retrieval success.
Document retrieval reduces the need for NLP techniques,
since discourse factors can be ignored, and using many query
words provides word-sense disambiguation. Another rea-
son is the lack of robustness of many NLP techniques, which
are typically not as robust as word indexing in handling
thousands of real word texts.

There are tasks however where a linguistic analysis of
texts may seem to be essential.

© Novatica
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1.1Information Extraction

Information extraction consists of automatically extract-
ing structured information from unstructured machine-read-
able documents. Information extraction involves tasks that
use NLP tools such as: Named Entity Recognition: recog-
nition of entity names (for people and organizations), place
names, temporal expressions, and certain types of numeri-
cal expressions; Coreference: identification of noun phrases
that refer to the same object; Terminology extraction: find-
ing the relevant terms for a given corpus Extracting rela-
tions among entities typically involves using a parser to re-
cover the syntactic relations in the text.

Relation extraction can be used to populate the Seman-
tic Web, i.e. to automatically construct from Web pages the
semantic relations and the ontologies which form the core
of the Semantic Web, complementing the method of anno-
tating documents using a knowledge representation language
like RDF (Resource Description Framework) or OWL (Web
Ontology Language).

1.2 Question Answering

A more challenging task for NLP is Question Answer-
ing (QA): to give the user a short precise answer to a ques-
tion expressed in natural language, perhaps supported by
evidence. One would expect that NL analysis of the ques-
tion is required and consequently documents should be proc-
essed with NLP techniques to extract the answer and spe-
cially to provide the required evidence.

However, it is possible to build a quite effective QA sys-
tem without relying on NLP techniques at all The redun-
dancy of a huge repository like the Web can let us get away
without NLP. The intuition is that a user’s question is often
syntactically quite close to sentences that contain the an-
swer. For instance, consider the question: "Where is the
Louvre Museum located?". Quite likely within the dozen
of billions of document in the Web, at least one will contain
"The Louvre Museum is located in Paris". The underlined
words occur identical both in the question and in the an-
swer, except in a slightly different order. AskMSR [4] is a
QA system based on this idea, which works as follows. First
it analyzes the question to obtain a set of question rewrites.
For example, for where questions, it moves ‘is’ to all possi-
ble locations, obtaining:

"is the Louvre Museum located"

"the is Louvre Museum located"

"the Louvre is Museum located"

"the Louvre Museum is located"

"the Louvre Museum located is"

The next step consists in submitting all the rewrites to a
Web search engine, retrieving the top n answers, and then
analyzing the matching sentences. Often it is just enough to
examine the search engine’s "snippets"”, not the full text of
the actual document, to find the correct answer.

Of course some of the variants in step 2 are syntacti-
cally incorrect or meaningless, but that is not important,
since search is fast enough to afford to perform redundant
queries and moreover only a small number of documents

© Novatica

will contain non-grammatical phrases. AskMSR ranked
among the top best systems at the annual TREC (Text Re-
trieval Conference) QA task.

Nevertheless, the best ranking systems at most recent
TREC QA do indeed exploit linguistic sentence analysis. A
set of candidate sentence answers is first retrieved perform-
ing a search on the document collection. Questions and can-
didate answer sentences are parsed to obtain a grammatical
parse tree. Parse trees are compared to determine whether
they resemble each other enough to conclude that the can-
didate does indeed contain the answer [1] or to extract a
logical representation of the facts in the candidates and try
to prove that these facts entail an answer to the question
[16].

QA systems also use other linguistic tools to perform
Part of Speech tagging, Named Entity recognition, Seman-
tic Role labelling, Coreference resolution as well as linguistic
resources like WordNet or gazetteers. This tends to make
QA quite a complex task which requires several minutes
per question, as opposed to a fraction of a second for a typi-
cal Web search.

In order to make QA and other applications which em-
ploy NLP techniques more practical, NLP tools need to be
made more robust and efficient.

The traditional approach to NL processing involved the
use of grammatical formalisms, embedded in either rule-
based or logic-based systems. Certain authors have stipu-
lated the existence of a universal grammar, shared by all
languages, as an innate capability of the human mind.

More recently, statistical methods, coupled with the abil-
ity to process huge document collections allowed signifi-
cant improvements to be achieved in NLP. The develop-
ment of statistical parsers is one of the biggest breakthroughs
in natural language processing in recent years. Typical sta-
tistical parsers still rely on a formal grammar of the lan-
guage, which is often hard to develop, given the intricacies
and subtleties of human languages. Dependency parsers are
an alternative approach that avoids the use of a grammar.

1.3Machine Translation

Similarly traditional Machine Translation (MT) para-
digms require either extensive transfer-rule writing by lin-
guists or very large parallel training corpora. The former
can take person-decades to develop and acquiring parallel
text for Statistical MT proves to be a daunting task even for
major language pairs. Context-Based Machine Translation™
[8] is a new paradigm for corpus based translation that re-
quires neither rules nor parallel corpora.

Both in parsing and machine translation new methods
of language analysis are emerging which avoid having to
rely on articulated grammar formalisms and instead exploit
machine learning techniques applied to large collections of
documents. These are fascinating developments since they
seem to be getting closer to the psycholinguistic evidence
that children learn language without ever being exposed to
the notions of grammar.

In the following sections we will concentrate on pars-
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NP NP

NP VP

| ADJP

Rolls-Rovce Inc. said it expects its sales to remain steady

Figure 1: The Parse Tree for the Sentence in the Text.

ing, showing how to build a parser that learns how to parse
text without using an explicit grammar formalism and ex-
hibiting a psycholinguistic correct behaviour.

2 Parsing and Language Analysis

Constituent parsing consists in analyzing a sentence to
produce a parse tree corresponding to a phrase structure
grammar for the language. For instance, for the sentence
"Rolls-Royce Inc. said it expects its sales to remain steady",
the parser would produce the parse tree shown in Figure 1.

Given a grammar for a language, a statistical parser can
be trained on a corpus of manually annotated documents to
select the most suitable parse tree for a sentence.

Statistical parsers are trained on examples of sentences
annotated with the corresponding parse tree. The parser
extracts from each example a set of features and learns how
to associate those features to the correct tree, i.e. it learns a
mapping F : S — T from the set of sentences S to the set of
trees T .

A linear parsing model consists in:
1. a generator GEN : S — 27 which generates a set of
candidate trees for a sentence

2. afeature extractor @ : T —E" which gives a vector
of the weights of each feature in a tree. A feature corre-
sponds to one dimension in a typically large feature space

3. avector of weights for the features W € R" .

When given a new sentence to parse, the parser extracts
the features from the sentence and tries to predict which
parse tree is the most likely for the sentence.

The process can be summarized in the diagram presented
in Figure 2.

The grammar is used to generate all possible parse trees
for the sentence, a set of features is extracted for each tree
and a statistical model is used to score them, in order to
chose the set with the highest score and hence the corre-
sponding tree. The features can be any property of the trees,
for instance one feature could be the count of VP nodes in

sentence
parsetrees /<\ />\ ~TN
] | | 1
Feature Extractor I
P TR \\\\\\\!\\\\\\\ \\\\\\\I\\\\\\\
feat ures A ] A
N A N
| I I . ,
FETT Scoring function
Statistical Model | F :fegtur iy
SCOres

mw‘s’m

Figure 2: The Process of Predicting the most likely Parse Tree for a Sentence.
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Rolls-Royce Inc. said it expects its sales to remain steady

Figure 3: An Example of Dependency Relations.

the tree. The statistical model is trained on a corpus on how
to assign weights to each feature, so that the score for a
whole tree is just the weighted sum of its features.

Constituent parsing still relies on a grammar for the lan-
guage, which is often not easy to define, given the intrica-
cies and subtleties of human languages.

As an alternative to constituent parsing, dependency
parsers produce dependency trees.

3 Dependency Parsing

A dependency tree consists of relations directly between
words in the sentence: a head word and a dependent word A
dependency has an associated type, expressing the gram-
matical function of the dependency (Subject, Object, Predi-

cate, Determiner, Modifier). In a dependency tree, one word
is the head of a sentence, and all other words are either a
dependent of that word or else are dependent on some other
word which connects to the headword through a sequence
of dependencies.

We can see an example of the dependency relations for
the example in Figure 3.

A dependency parse tree, while simpler than a constitu-
ency tree, still encodes enough semantic information which
is useful in further language processing tasks.

Dependency parsing is a simpler task than constituency
parsing, since dependency trees do not have extra non-ter-
minal nodes and there is no need for a grammar to generate
them.

Yo Vi una chica con el telescopio .
PP VM DI NC SP DA NC FP
top next
i una chica con el telescopio .
VM DI NC SP DA NC FP
1
Yo
i w
top next
vi una chica con el telescopio .
VM DI NC SP DA NC FP
1
Yo
PP IIEIIIIII
top
i una chica con el telescopio .
VM DI NC SP DA FP
1
Yo
PP
top next
wi chica con el telescopio .
VM NC SP DA NC FP
I 1
Yo una
w || 5
top next
con el telescopio

SP NC FP

eu\
-‘g:.-.

Yo
PP

chica
NC

una
DI

Figure 4: Afew Parsing Steps.
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SP-GN
0BJ MOD
sSUJ DET DET
Yo vi una chica con el telescopio .

Figure 5: The Parse Tree built from the Parsing Process.

Approaches to dependency parsing either generate such
trees by considering all possible spanning trees [15], or build
a single tree on the fly by means of shift-reduce parsing
actions [18].

Nivre [17] and Attardi [2] have developed deterministic
dependency parsers. In particular the DeSR parser [11] is
capable of processing hundreds of sentences per second,
and hence is suitable for processing large amounts of text
documents, as required, for instance, in information retrieval
applications.

4 A Multilanguage Dependency Parser

Instead of learning directly which tree to assign to a sen-
tence, the parser learns the actions to use for building the
tree. We first illustrate through an example the actions the
parser would use to parse a sentence and then we discuss
how it can learn how to chose the proper action to perform
at the proper time.

The parser constructs dependency trees by scanning in-
put sentences in left-to-right word order. Figure 4 shows
the first steps in parsing the sentence "Yo vi una chica con
el telescopio”. Each token in the sentence is annotated with
its part of speech.

The actions (Shift, Right and Left) are applied to two
neighbouring tokens, top and next, which appear respec-
tively as yellow and gray boxes in the figure: next is the
next input token while top is the last of the previously proc-
essed tokens that are accumulated on the stack S.

A Right action creates a dependency relation between
two neighbouring words where the next token becomes a
child of the top token.

The first action in the example is a Right reduce: its ef-
fect is to link "Yo" as a dependent of "vi".

Right moves the previous word, if it exists, back to top,
while it does not change next. This allows further Right
actions to be applied to previously skipped words. Since
there are none in this case, a Shift is needed. Shift does not
create any dependencies between the target nodes, but just
advances the point of focus to the right.

A further Shift action is now performed advancing the
input to the right and moving next to top.

The next step is again a Right reduction. Next a Left
action is performed, which constructs a dependency rela-
tion between two neighbouring words where the right node
of target nodes becomes a child of the left one, in the oppo-
site direction to the action Right. Left pops top from S and
pushes it back into next.

Note that when either of Left or Right action is applica-
ble, the dependent child should be a complete subtree to
which no further dependent children will be added. For the
parser to guarantee this, the parser must be capable of look-
ing at the surrounding context of the target nodes: typically
it looks at four nodes forwards, two backwards as well as at
the children of top and next.

The rest of the parsing proceeds with a sequence of Shift,
Shift, Shift, Right, Left, Left, Left, resulting in the parse tree
shown in Figure 5.

The three rules above are sufficient for handling lan-
guages with a fairly strict word order, like English. In lan-
guages with free word order, like Czech and less frequently
also in Romance languages, the dependency trees have arcs
that cross, and are called non-projective trees, as in this
example presented in Figure 6.

For handling non-projective dependencies additional
rules must be added to the parser.

In the literature on parsing, the parsing technique just
described is classified as a bottom-up Shift/Reduce parser.
However, a classical Shift/Reduce parser uses a table where
to look up which action to apply at each step: for context-
free languages this table can be generated from the gram-
mar of the language. Since we are assuming not to have a
context-free grammar for natural language, the parser must
employ different decision criteria. One solution is to have
the parser to learn these criteria from examples.

In the area of Machine Learning several types of algo-
rithms have been developed: a suitable technique for this
case is supervised learning, in particular applied to the task
of classification. Supervised learning requires a training set,

<

y
Veétsinu téchto pristroju Ize take pouzivat nejen jako fax

Figure 6: An Example of Dependency Tree for Languages with free Word Order.
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Left context

Right context

next

vi una
VM DI

H chica con el telescopi .
| NC SP DA o FP

|
Yo
PP

Figure 7: A Parser Context during Learning.

consisting of examples of cases with the associated class to
which they belong. A number of classification algorithms
exist with good level of accuracy and different perform-
ance, including Support Vector Machines (SVM), Maximum
Entropy and the Perceptron.

The decision problem of the parser needs to be cast into
a classification problem. This can be done by starting from
a corpus of documents in the given language, annotated with
dependency relations Several such corpora exist for vari-
ous languages, for instance those that were used in the
CoNLL-X Shared task [7]. Corpora for Basque, Castilian
Spanish, and Catalan are provided by the CESS-ECE
TreeBanks [13].

Each sentence in the corpus can be used as an oracle
which tells the correct sequence of actions required to build
the sentence tree. In the learning phase the parser is in-
structed by such an oracle on which action to perform and
starts building the tree. At each step the parser collects a set
of features which represent the current situation. For exam-
ple, when the parser reaches the state shown in Figure 7, it
will consider a context consisting of two tokens to the left
and four tokens to the right. For each token in the context it
collects as features the word and its part-of-speech, anno-
tated with their relative position in the context. A feature
will consist in a triple (position, type, value), where posi-
tion is a sequence of integers: -2.1 represents two position
backward (-2) and then down to the first (1) child. For the
state represented in Figure 7, the features are as follows:

(-2, lex, vi), (-2, pos, VM), (-21, lex, Yo), (-2.1, pos, pp)

(-1, lex, una), (-1, pos, DI),

(0, lex, chica), (0, pos, NC),

(+1, lex, con), (+1, pos, SP),

(+2, lex, el), ( +2, pos, DA),

(+2, lex, telescopio), (+2, pos, NC).

The action to perform in this state is a Right, so a train-
ing example is created telling the classifier that this set of
features must be classified as belonging to the Right class.
From a corpus consisting of 15,000 sentences and 500,000
tokens like those for Spanish and Catalan in the CESS-ECE,
over 850,000 training examples are generated and 2.5 mil-
lion sets of features. Maximum Entropy or Perceptron clas-
sifiers are capable of handling problems of this size in a
few hours on a Pentium PC, while SVM typically take
longer. Once the classifier has been trained, the parser can
use it to predict which action to perform at each step. Using
Maximum Entropy or Perceptron, parsing is much faster
than training, analyzing sentences at the rate over 200 per
second.

© Novatica

Using an Averaged Perceptron classifier the parser has
achieved accuracies ranging from 84% to 92% in parsing
the 13 languages of the CoONLL-X Shared Task [7].

Further improvement have been achieved by adding a
further processing step which tries to correct the trees pro-
duced applying revision rules learned from previous mis-
takes [3].

The intuitive motivation for the approach is the obser-
vation that a dependency parser is mostly right in identify-
ing chunks in the sentence and hence only local corrections
are needed to rearrange such chunks, similarly to what peo-
ple possibly do when they fail to immediately understand a
sentence.

5NLP in Information Access

NLP techniques can be used to improve information
access in many ways. Information sources like web pages,
news and blogs can be analyzed to extract semantic infor-
mation and semantic relations. This information can be used
to create enriched indexes for these documents so that
searching may exploit such automatically extracted
metadata. For instance Named Entity Recognizers can de-
tect entities named in documents and distinguish the occur-
rence of common words from those referring to people, lo-
cations or corporations, e.g. "apple" vs "Apple Inc.". In fi-
nancial reports one could identify the analyst name, the tar-
get company, the earnings estimate, and the date of the re-
lease. Parsing can then be applied to extract the relation-
ships among entities, e.g. who bought what and when. The
user can then pose queries in natural language which get
parsed in order to identify the focus of the query and the
relations being queried. Answers to query can then be syn-
thesized from the analysis of relevant documents. For ex-
ample a query like: "What is the earnings estimate for Ama-
zon?" might return a combined answer like: "The current
consensus estimate for Amazon is__. Specific estimates are:
Marcus Teeker: xxx, ...".

Opinion mining is another area where NLP techniques
are being exploited. While traditional text classification tries
to assign predefined categories to a document, such as spam/
no-spam for e-mail, sentiment or opinion mining is a differ-
ent and challenging task whose goal is the assessment of
the writer’s attitude toward a subject. Examples include
categorization of customer e-mails and reviews by types of
claims, modalities, or subjectivities.

For opinion mining, techniques based on extracting de-
pendency relations have proven to be more effective than
traditional bag-of-word approaches [14]. Dependency rela-
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mation and semantic relations. This information can be used
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nancial reports one could identify the analyst name, the tar-
get company, the earnings estimate, and the date of the re-
lease. Parsing can then be applied to extract the relation-
ships among entities, e.g. who bought what and when. The
user can then pose queries in natural language which get
parsed in order to identify the focus of the query and the
relations being queried. Answers to query can then be syn-
thesized from the analysis of relevant documents. For ex-
ample a query like: "What is the earnings estimate for Ama-
zon?" might return a combined answer like: "The current
consensus estimate for Amazon is __. Specific estimates are:
Marcus Teeker: xxx, ...".

Opinion mining is another area where NLP techniques
are being exploited. While traditional text classification tries
to assign predefined categories to a document, such as spam/
no-spam for e-mail, sentiment or opinion mining is a differ-
ent and challenging task whose goal is the assessment of
the writer’s attitude toward a subject. Examples include
categorization of customer e-mails and reviews by types of
claims, modalities, or subjectivities.

For opinion mining, techniques based on extracting de-
pendency relations have proven to be more effective than
traditional bag-of-word approaches [14]. Dependency rela-
tions allow the distinguishing statements of opposite polar-
ity, e.g. "I liked the movie", and "I didn’t like it" Depend-
ency relations map more easily into semantic relations use-
ful to represent the semantic content of a sentence.

The ability to identify and group documents by intent
may lead to new tools for knowledge discovery, for instance
for generating a research survey that collects relevant opin-
ions on a subject, for determining prevalent judgments about
products or technologies, for analyzing reviews, for gather-
ing motivations and arguments from court decision making
or lawmaking debates, for analyzing linkages in medical
abstracts to discover drug interactions.

6 Conclusions

Statistical methods based on machine learning, coupled
with the ability to process huge document corpora are pro-
ducing significant advances in Natural Language Process-
ing. The new approaches are characterized by learning with-
out the need of explicit grammar formalisms and appeal to
psycholinguistic evidence of how humans perform language
tasks.

The ability to analyze texts by means of NLP tools is
leading to more advanced solutions for information access.
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