The Structure and Performance of an Open-Domain
Question Answering System

Dan Moldovan, Sanda Harabagiu,
Marius Pasca, Rada Mihalcea, Roxana Girju, Richard Goodrum and Vasile Rus
Department of Computer Science and Engineering
Southern Methodist University
Dallas, Texas, 75275-0122
moldovan@seas.smu.edu

Abstract

This paper presents the architec-
ture, operation and results obtained
with the LASSO Question Answer-
ing system developed in the Natu-
ral Language Processing Laboratory
at SMU. To find answers, the sys-
tem relies on a combination of syn-
tactic and semantic techniques. The
search for the answer is based on a
novel form of indexing called para-
graph indexing. A score of 55.5%
for short answers and 64.5% for long
answers was achieved at the TREC-
8 competition.

1 Background

Finding the answer to a question by returning
a small fragment of a text, where the answer
actually lies, is profoundly different from the
task of information retrieval (IR) or informa-
tion extraction (IE). Current IR systems al-
low us to locate full documents that might
contain pertinent information, leaving it to
the user to extract the answer from a ranked
list of texts. In contrast, IE systems extract
the information of interest, provided it has
been presented in a predefined, target rep-
resentation, known as template. The imme-
diate solution of combining IR and IE tech-
niques for question/answering (Q/A) is im-
practical since IE systems are known to be
highly dependent on domain knowledge, and
furthermore, the template generation is not
performed automatically.

Our methodology of finding answers in
large collections of documents relies on nat-

ural language processing (NLP) techniques in
novel ways. First, we perform the processing
of the question by combining syntactic infor-
mation, resulting from a shallow parse, with
semantic information that characterizes the
question (e.g. question type, question focus).
Secondly, the search for the answer is based
on a novel form of indexing, called paragraph
indezing (Moldovan and Mihalcea 2000). Fi-
nally, in order to extract answers and to eval-
uate their correctness, we use a battery of ab-
ductive techniques (Hobbs et al.1993), some
based on empirical methods, some on lexico-
The principles that
have guided our paragraph indexing and the
abductive inference of the answers are re-
ported in (Harabagiu and Maiorano 1999).

semantic information.

2 Overview of the Lasso Q/A
System

The architecture of LAsso (Moldovan,
Harabagiu et. al 1999) comprises three mod-
ules: Question Processing module, Paragraph
Indezing module and Answer Processing mod-
ule. Given a question, of open-ended nature,
expressed in natural language, we first pro-
cess the question by creating a representa-
tion of the information requested. Thus we
automatically find (a) the question type from
the taxonomy of questions built into the sys-
tem, (b) the expected answer type from the
semantic analysis of the question, and most
importantly, (c) the question focus defined as
the main information required by that ques-
tion. Furthermore, the Question Processing
module also identifies the keywords from the
question, which are passed to the Paragraph
Indezing module, as illustrated by Figure 1.
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Figure 1: Architecture of the LAssO Q/A System

In LASSO, documents are indexed by a
modified prise IR system available from
NIST. Our search engine incorporates a set
of oolean operators (e.g. A , 0, O,

A ). e post-process the results of the IR
search engine by filtering out the returns that
do not contain all the keywords of a question
in the same paragraph. This operation al-
lows for on-the- y generation of a paragraph
index. The second important feature of the
Paragraph Indering module comes from the
evaluation of the quality of the paragraphs.

hen the quality is satisfactory, the para-
graphs are ordered according to a plausibility
degree of containing the answer. Otherwise,
we form new queries by adding or dropping
keywords and resume the paragraph retrieval
process. This loop generates a feed-back re-
trieval context that enables only a reasonable
number of paragraphs to be passed to the An
swer Processing module.

The advantage of processing paragraphs in-
stead of full documents is a faster syntac-
tic parsing. Our parses also involve Named

Entity recognitions and lexico-semantic re-
sources useful in the answer extraction.

Question rocessing

The role of the question processing module is
to: (1) determine the question type, (2) deter-
mine the expected answer type, (3) build an
answer focus, and (4) transform the question
into queries for the search engine.

In order to find the right answer to a ques-
tion from a large collection of texts, first we
have to know what we should look for. The
answer type can usually be determined from
the question. For a better detection of the an-
swer, the questions are first classified by their
type: what, why, who, how, where questions,
etc. A further classification follows to better
identify the question type. Table 1 shows the
classification for the 200 TREC-8 questions.

e realized that the question type was
not su cient for finding answers. For the
questions like rst American in
space , the answer type is obvious: SO .
However, this does not apply, for example, to

ho was the



Table 1: Types of questions and statistics. In this table we considered that a question was
answered correctly if its answer was among top five ranked long answers.



what questions, as what is ambiguous and it
says nothing about the information asked by
the question. The same applies to many other
question types. The problem was solved by
defining a concept named focus.

A focus is a word or a sequence of words
which define the question and disambiguate
the question by indicating what the question
is looking for. For example, for the question

hat is the largest city in  ermany , the fo-
cus is largest city. mnowing the focus and the
question type it becomes easier to determine
the type of the answer sought, namely: the
name of the largest city in Germany.

The focus is also important in determining
the list of keywords for query formation. Of-
ten, many question words do not appear in
the answer, and that is because their role is
ust to form the context of the question. For
example, in the question In what day
of the wee did hristmas fall on , the focus
is day of the wee , a concept that is unlikely
to occur in the answer. In such situations,
the focus should not be included in the list of
keywords considered for detecting the answer.

The process of extracting keywords is based
on a set of ordered heuristics. Each heuris-
tic returns a set of keywords that are added
in the same order to the question keywords.

e have implemented eight different heuris-
tics. Initially, only the keywords returned by
the first six heuristics are considered. If fur-
ther keywords are needed in the retrieval loop,
keywords provided by the other two heuristics
are added.  hen keywords define an exceed-
ingly specific query, they are dropped in the
reversed order in which they have been en-
tered. The heuristics are:

eyword euristic henever quoted ex-
pressions are recognized in a question, all non-
stop words of the quotation became keywords.

eyword  euristic All named entities,
recognized as proper nouns, are selected as
keywords.

eyword euristic : All complex nominals

and their ad ectival modifiers are selected as
keywords.
eyword

euristic All other complex

nominals are selected as keywords.

eyword euristic : All nouns and their
ad ectival modifiers are selected as keywords.

eyword euristic : All the other nouns
recognized in the question are selected as key-
words.

eyword  euristic All verbs from the
question are selected as keywords.

eyword euristic : The question focus is
added to the keywords .

Table 2 lists two questions from the TREC-
8 competition together with their associated
keywords. The Table also illustrates the trace
of keywords until the paragraphs containing
the answer were found. For question 26, the
paragraphs containing the answers could not
be found before dropping many of the initial
keywords. In contrast, the answer for ques-
tion 13 was found when the verb rent was
added to the oolean query.

Table 2: Examples of TREC-8 Question ey-
words

aragra h nde ing

The Information Retrieval Engine for LASSO
is related to the prise IR search engine avail-
able from NIST. There were several features
of the prise IR engine which were not con-
ducive to working within the design of Asso.

ecause of this, a new IR engine was gener-
ated to support LASSO without the encum-
brance of these features. The index creation
was, however, kept in its entirety.

The prise IR engine was built using a co-
sine vector space model. This model does
not allow for the extraction of those docu-
ments which include all of the keywords, but



extracts documents according to the similar-
ity measure between the document and the
query as computed by the cosine of the angle
between the vectors represented by the docu-
ment and the query. This permits documents
to be retrieved when only one of the keywords
is present. Additionally, the keywords present
in one retrieved document may not be present
in another retrieved document.

LASSO s requirements are much more rigid.
LASSO requires that documents be retrieved
only when all of the keywords are present
in the document. Thus, it became neces-
sary to implement a more precise determi-
nant for extraction. For the early work, it
was determined that a oolean discriminate
would su ce provided that the operators A
and 0 were implemented. It was also neces-
sary to provide the ability to organize queries
through the use of parentheses.

e opted for the oolean indexing as op-
posed to vector indexing ( uckley et al.1998)
because oolean indexing increases the recall
at the expense of precision. That works well
for us since we control the retrieval precision
withthe A A A  operator which provides
document filtering. In addition, the oolean
indexing requires less processing time than
vector indexing, and this becomes important
when the collection size increases.

To facilitate the identification of the docu-
ment sources, the engine was required to put
the document id in front of each line in the
document.

The index creation includes the follow-
ing steps: normalize the SGML tags, elim-
inate extraneous characters, identify the
words within each document, stem the terms
(words) using the Porter stemming algorithm,
calculate the local (document) and global
(collection) weights, build a comprehensive
dictionary of the collection, and create the in-
verted index file.

The number of documents that contain the
keywords returned by the Search Engine may
be large since only weak oolean operators
were used. A new, more restrictive opera-
tor was introduced: A A A n. This op-

erator searches like an A operator for the
words in the query with the constraint that
the words belong only to some n consecutive
paragraphs, where n is a controllable positive
integer.

The parameter n selects the number of
paragraphs, thus controlling the size of the
text retrieved from a document considered
relevant. The rationale is that most likely
the information requested is found in a few
paragraphs rather than being dispersed over
an entire document.

Paragraph ordering is performed by a radix
sort that involves three different scores:
the largest ame_word_sequence score, the
largest istance score and the smallest iss
ing_ eyword score. The definition of these
scores is based on the notion of paragraph
window. Paragraph-windows are determined
by the need to consider separately each match
of the same keyword in the same paragraph.
For example, if we have a set of keywords

and in a paragraph and  are
matched each twice, whereas is matched
only once, and  is not matched, we are go-
ing to have four different windows, defined

by the keywords: match match ,
match match , match
match , and match match

A window comprises all the text between the
lowest positioned keyword in the window and
the highest position keyword in the window.
For each paragraph window we compute

the following scores:

ame_word_sequence score: computes the
number of words from the question that are
recognized in the same sequence in the cur-
rent paragraph-window.

istance score: represents the number of
words that separate the most distant key-
words in the window.

issing_ eywords score: computes the num-
ber of unmatched keywords. This measure is
identical for all windows from the same para-
graph, but varies for windows from different
paragraphs.
The radix sorting takes place across all the
window scores for all paragraphs.



Answer rocessing

The Answer Processing module identifies and
extracts the answer from the paragraphs that
contain the question keywords. Crucial to
the identification of the answer is the recogni-
tion of the answer type. Since almost always
the answer type is not explicit in the ques-
tion or the answer, we need to rely on lexico-
semantic information provided by a parser to
identify named entities (e.g. names of peo-
ple or organizations, monetary units, dates
and temporal/locative expressions, products
and others). The recognition of the answer
type, through the semantic tag returned by
the parser, creates a candidate answer. The
extraction of the answer and its evaluation are
based on a set of heuristics.

The parser combines information from broad
coverage lexical dictionaries with semantic in-
formation that contributes to the identifica-
tion of the named entities. Since part-of-
speech tagging is an intrinsic component of
a parser, we have extended rill s part-of-
speech tagger in two ways. First, we have
acquired new tagging rules and secondly, we
have unified the dictionaries of the tagger
with semantic dictionaries derived from the
Gazetteers and from ordNet (Miller 1995).
In addition to the implementation of gram-
mar rules, we have implemented heuristics ca-
pable of recognizing names of persons, organi-
zations, locations, dates, currencies and prod-
ucts. Similar heuristics recognize named enti-
ties successfully in IE systems. Having these
capabilities proved to be useful for locating
the possible answers within a set of candidate
paragraphs.

The parser enables the recognition of the an
swer candidates in the paragraph. Each ex-
pression tagged by the parser with the answer
type becomes one of the answer candidates
for a paragraph. Similar to the paragraph-
windows used in ordering the paragraphs, we
establish an answer window for each answer
candidate. To evaluate the correctness of each
answer candidate, a new evaluation metric is

computed for each answer-window.
the following scores:

ame_word_sequence score: it is computed
in the same way as for paragraph windows.

Punctuation_sign score: is a ag set when

the answer candidate is immediately followed
by a punctuation sign.

omma_ _words score: measures the num-
ber of question words that follow the answer
candidate when the latter is succeeded by
A maximum of three words are

€ use

a comma.
sought.
ame_parse_su tree score: computes the
number of question words found in the same
parse sub-tree as the answer candidate.
ame_sentence score: computes the number
of question words found in the same sentence
as the answer candidate.
atched_ eywords score:  computes the
number of keywords matched in the answer-
window.
istance score: adds the distances (mea-
sured in number of words) between the an-
swer candidate and the other question words
in the same window.
The overall score for a given answer candidate
is computed by:

Currently the combined score represents
an un-normalized measure of answer correct-
ness. The answer extraction is performed
by choosing the answer candidate with the
highest score. Some of the scores approxi-
mate very simple abductions. For example,
the recognition of keywords or other question
words in an apposition determines the Punc
tuation_sign score, the ame_parse_su tree
score, the omma_ _words score and the

ame_sentence score to go up. Moreover, the
same sequence score gives higher plausibil-
ity to answer candidates that contain in their
window sequences of question words that fol-



low the same orders in the question. This
score approximates the assumption that con-
cepts are lexicalized in the same manner in
the question and in the answer. However, the
combined score allows for keywords and ques-
tion words to be matched in the same order.

Table 3 illustrates some of the scores that
were attributed to the candidate answers
LASsSO has extracted successfully. Currently
we compute the same score for both short and
long answers, as we analyze in the same way
the answer windows.

Table 3: Examples of LASSO s correctness
scores.

erformance eva uation

Several criteria and metrics may be used to
measure the performance of a QA system. In
TREC-8, the performance focus was on accu
racy. Table 4 summarizes the scores provided
by NIST for our system. The metric used by
NIST for accuracy is described in ( oorhees
and Tice 1999).

Table 4: Accuracy performance

Another important performance parameter
is the processing time to answer a question.

Table 5: Time performance

On the average, the processing time per ques-
tion is 61 sec., and the time ranges from 1
sec. to 540 sec. There are four main com-
ponents of the overall time: (1) question pro-
cessing time, (2) paragraph search time, (3)
paragraph ordering time, and (4) answer ex-
Table 5 summarizes the rel-
ative time spent on each processing compo-
nent. The answer extraction dominates the
processing time while the question processing
part is negligible.

traction time.

onc usions

In principle, the problem of finding one or
more answers to a question from a very large
set of documents can be addressed by creating
a context for the question and a knowledge
representation of each document and then
match the question context against each doc-
ument representation. This approach is not
practical yet since it involves advanced tech-
niques in knowledge representation of open
text, reasoning, natural language processing,
and indexing that currently are beyond the
technology state of the art. On the other
hand, traditional information retrieval and
extraction techniques alone can not be used
for question answering due to the need to pin-
point exactly an answer in large collections of
open domain texts. Thus, a mixture of nat-
ural language processing and information re-
trieval methods may be the solution for now.

In order to better understand the nature
of the QA task and put this into perspective,
we offer in Table 6 a taxonomy of question
answering systems. It is not su cient to clas-
sify only the types of questions alone, since
for the same question the answer may be eas-
ier or more di cult to extract depending on
how the answer is phrased in the text. Thus
we classify the QA systems, not the questions.

e provide a taxonomy based on three crite-



Table 6: A taxonomy of Question Answering Systems. The degree of complexity increases from
Class 1 to Class 5, and it is assumed that the features of a lower class are also available at a
higher class.

ria. that we consider important for building
question answering systems: (1) knowledge
base, (2) reasoning, and (3) natural language
processing and indexing techniques. nowl-
edge bases and reasoning provide the medium
for building question contexts and matching
them against text documents. Indexing iden-
tifies the text passages where answers may lie,
and natural language processing provides a
framework for answer extraction.

Out of the 153 questions that our system
has answered, 136 belong to Class 1, and 1
to Class 2. Obviously, the questions in Class
2 are more di cult as they require more pow-
erful natural language and reasoning tech-
niques.

As we look for the future, in order to ad-
dress questions of higher classes we need to
handle real-time knowledge acquisition and
classification from different domains, corefer-
ence, metonymy, special-purpose reasoning,
semantic indexing and other advanced tech-
niques.
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