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Abstract. Previous works in Information Retrieval show that using pieces of

text obtain better results than using the whole document as the basic unit to 

compare with the user’s query. This kind of IR systems is usually called Pas-

sage Retrieval (PR). This paper discusses the use of our  PR system in the ques-

tion answering process (QA). Our main objective is to examine if a PR system

provide a better support for QA than Information Retrieval systems based in 

the whole document..   

1 Introduction 

Given a user’s query, Information Retrieval (IR) systems return a set of documents, 

which are sorted by the probability of containing the required information. Since IR 

systems return whole documents, there is an additional work for the user, who has to

read the whole document to search for the required information. However, when

searching for specific information, this last user’s task can be carried out by Question

Answering systems (QA), which are tools that usually work on the output of an IR

system, and try to return the precise answer to the user’s query. 

IR systems work on measuring the similarity between each document and the query

by means of several formulas that typically use the frequency of query terms in the

documents. This way of measuring means that larger documents could have a greater  

chance at being considered relevant, because of the higher number of terms that could 

coincide with that of the query. 

In order to solve this problem, some IR systems measure the similarity in accordance 

with the relevance of the pieces of adjoining text that form the documents, where these 

pieces of text are called passages. These kinds of IR systems, which are usually called 
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Passage Retrieval (PR), allows that the similarity measure is not affected by the size of

the document. PR systems return the precise piece of text where it is supposed to find

the answer to the query, a fact that is especially important when large documents are 

returned. PR systems are more complex than IR, since the number of textual units to 

compare is higher (each document is formed by several passages) and the number of

tasks they accomplish is higher too (above all when passage splitting is performed

after processing each query as it is proposed in [7]). Nevertheless, the complexity

added to the system is rewarded with a significant increase in the performance of the

system. For example, in [1] the improvement reaches a 20%, and in [7] it does a 50%.  

As well as obtaining better precision than document retrieval systems, PR return the

most relevant paragraphs to a query, information that could be used as input by a QA

system. This fact allows reducing QA systems computational complexity (they work

on small fragments of text instead of documents) and improves QA’s precision, since 

the passage list retrieved is more relevant to the query than the results of a document 

retrieval system. 

The PR system presented in this paper is called IR-n. It defines a novel passage selec-

tion model, which forms the passages from sentences in the document. IR-n has been

used in the last Cross-Language Evaluation Forum (CLEF-2001) and in the last Text

REtrieval Conference (TREC-2001) for the Question Answering track. Part of the 

better performance obtained in TREC-2001 with reference to TREC-2000, is due to 

IR-n.  

The following section presents PR and QA backgrounds. Section 3 describes the ar-

chitecture of our proposed PR system. In section 4, we give a detailed account of the 

tests, experiments and results obtained. Finally, we present the conclusions of this 

work.

2 Backgrounds in Question Answering and Passage Retrieval 

The Computational Linguistic community has shown a recent interest in QA, and it 

comes after developing Information Extraction systems, which have been evaluated in

Message Understanding Conferences (MUC). Specifically, the interest was shown

when in TREC-8, there appears a new track on QA that tries to benefit from large-

scale evaluation, that was previously carried out on IR systems, in previous TREC

conferences.  

If a QA system wants to successfully obtain a user’s request, it needs to understand

both texts and questions to a minimum level. That is to say, it has to carry on many of

the typical steps on natural language analysis: lexical, syntactical and semantic. This 

analysis takes much more time than a statistical analysis that is carried out in IR. Be-

sides, as QA has to work with as much text as IR, and the user needs the answer in a

limited period of time, it is usual that an IR system processes the query and after, the 

QA system will continue with its output. In this way, the time of analysis is greatly

decreased. 
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Some of the best QA systems are the following: [2],[3],[10],[5] After studying these 

systems, it seems agreeable the following general architecture, that is formed by four 

modules, where document retrieval module is accomplished by using IR technology:

• Question Analysis.  

• Document Retrieval.  

• Passage Selection.

• Answer Extraction.

Different IR models are used at the Document Retrieval stage in QA systems however, 

the best results are obtained by systems that apply PR techniques for this task.

The main differences between different PR systems are the way that they select the 

passages, that is to say, what they consider a passage and its size. According to the 

taxonomy proposed in [1], the following PR systems can be found: discourse-based 

model, semantic model and window model. The first one uses the structural properties

of the documents, such as sentences or paragraphs (e.g. the one proposed in [9], [12]) 

in order to define the passages. The second one divides each document into semantic 

pieces, according to the different topics in the document (e.g. those in [4]). The last 

one uses windows of a fixed size (usually a number of terms) to form the passages [1], 

[6]. 

It would seem coherent that discourse-based models are more effective since they use

the structure of the document itself. However, the problem with them is that the re-

sults could depend on the writing style of the document’s author. On the other hand, 

window models have the advantage that they are simpler to use, since the passages

have a previously known size, whereas the remaining models have to bear in mind the 

variable size of each passage. Nevertheless, discourse-based and semantic models

have the advantage that they return logical and coherent fragments of the document, 

which is important if these IR systems are used for other applications such as Question

Answering.

The passage extraction model that we are proposing allows us to benefit from the

advantages of discourse-based models since logical information units of the text, such

as sentences, form the passages. Moreover, another novel proposal in our PR system is

the relevance measure, which unlike other discourse-based models, is not calculated

from the number of passage terms, but from the fixed number of passage sentences. 

This fact, allows a simpler calculation of this measure unlike other discourse-based or 

semantic models. Although we are using a fixed number of sentences for each 

passage, we consider that our proposal differs from the window models since our 

passages do not have a fixed size (i.e. a fixed number of words) because we are using

variable length sentences.
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3 System Overview

In this section, we describe the architecture of the proposed PR system, namely IR-n,

focusing on its two main modules: the indexation and the document extraction mod-

ules.

3.1 Indexation Module

The main aim of this module is to generate the dictionaries that contain all the re-

quired information for the document-extraction module. It requires the following in-

formation for each term:

• The number of documents that contain the term.

• For each document:

− The number of times that the term appears in the document.

− The position of each term in the document: the number of sentence and po-

sition in the sentence.

Where we consider as terms, the stems produced by the “Porter stemmer” on those

words that do not appear in a list of stop-words, list that is similar to those used in IR

systems. For the query, the terms are also extracted in the same way, that is to say,

their stems and positions in the query one query word that do not appear in the list of

stop-words.

3.2 Document Extraction Module

This module extracts the documents according to it’s similarity with the user’s query.

The scheme in this process is as follows:

1. Query terms are sorted according to the number of documents in which

they appear, where the terms that appear in fewer documents are processed

firstly.

2. The documents that contain some query term are extracted.

3. The following similarity measure is calculated for each passage p with the

query q:

Similarity_measure(p, q) = ! ∧∈ qpt tq,tp, W*W

Where: 

Wp,t = loge(fp,t + 1).  

fp,t is the number of times that the term t appears in the passage p. 

Wq,t= loge(fq,t + 1) * idf.  

fq,t  is the number of times that the term t appears in the query q. 

idf = loge(N / ft + 1).  

N is the number of documents in the collection.

ft is the number of documents that contain the term t. 
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4. Each document is assigned the highest similarity measure from its pas-

sages.

5. The documents are sorted by their similarity measure. 

6. The documents are presented according to their similarity measure.   

As it will be noted, the similarity measure is similar to the cosine measure presented

in [11]. The only difference is that the size of each passage (the number of terms) is

not used to normalise the results. This difference makes the calculation simpler than

other discourse-based PR systems or IR systems, since the normalization is accom-

plished according to a fixed number of sentences per passage. Another important 

detail to notice is that we are using N as the number of documents in the collection,

instead of the number of passages. That is because in [7] it is not considered relevant 

for the final results. 

The optimum number of sentences to consider per passage is experimentally obtained. 

It can depend on the genre of the documents, or even on the type of the query as it is

suggested in [6]. We have experimentally considered a fixed number of 20 sentences

for the collection of documents with which we worked [8]. Table 1 presents the ex-

periment where the 20 sentences per passage obtained the best results. 

Precision IR-n

Recall 5 Sent. 10 Sent. 15 Sent. 20 Sent. 25 Sent. 30 Sent. 

0.00 0.6378 0.6508 0.6950 0.7343 0.6759 0.6823 

0.10 0.5253 0.5490 0.5441 0.5516 0.5287 0.5269 

0.20 0.4204 0.4583 0.4696 0.4891 0.4566 0.4431 

0.30 0.3372 0.3694 0.3848 0.3964 0.3522 0.3591 

0.40 0.2751 0.3017 0.2992 0.2970 0.2766 0.2827 

0.50 0.2564 0.2837 0.2678 0.2633 0.2466 0.2515 

0.60 0.1836 0.1934 0.1809 0.1880 0.1949 0.1882 

0.70 0.1496 0.1597 0.1517 0.1498 0.1517 0.1517 

0.80 0.1213 0.1201 0.1218 0.1254 0.1229 0.1279 

0.90 0.0844 0.0878 0.0909 0.0880 0.0874 0.0904 

1.00 0.0728 0.0722 0.0785 0.0755 0.0721 0.0711 

Table 1. Precision results obtained on Los Angeles Times collection with different

number of sentences per passage.
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Recall 
IR-n with

1 overlap. 

IR-n with

5 overlap.

IR-n 10 

overlap. 

0.00 0.7729  0.7211  0.7244  

0.10 0.7299  0.6707  0.6541  

0.20 0.6770  0.6072  0.6143  

0.30 0.5835  0.5173  0.5225  

0.40 0.4832  0.4144  0.4215  

0.50 0.4284  0.3704  0.3758  

0.60 0.3115  0.2743  0.2759  

0.70 0.2546  0.2252  0.2240  

0.80 0.2176  0.1914  0.1918  

0.90 0.1748  0.1504  0.1485  

1.00 0.1046  0.0890  0.0886  

Medium 0.4150 0.3635 0.3648 

As said, the proposed PR system can be classified into discourse-based models since it

is using variable-sized passages that are based on a  fixed number of sentences (but

with a different number of terms per passage). The passages overlap each other, that is

to say, let us suppose that the size of the passage is N sentences, then the first passage

will be formed by the sentences from 1 to N, the second one from 2 to N+1, and so on.

We have decided to overlap just one sentence based on the following experiment,

where several numbers of overlapping sentences have been tested. In this experiment,

Table 2, it will observed that only one overlapping sentence obtained the best results.

4 Evaluation 

This section presents the experiment proposed for evaluating our approach and the

results obtained. The experiment has been run on the TREC-9 QA Track question set 

and document collection.  

4.1 Data Collection

TREC-9 question test set is made up by 682 questions with answers included in the

document collection. The document set consists of 978,952 documents from the

TIPSTER and TREC following collections: AP Newswire, Wall Street Journal, San

Jose Mercury News, Financial Times, Los Angeles Times, Foreign Broadcast Infor-

mation Service.
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4.2 Experiment

In order to evaluate our proposal we decided to compare the quality of the information

retrieved by our system with the ranked list retrieved by the ATT information retrieval 

system.

First, ATT IR system was used for retrieving the first 1000 relevant documents for 

each question. Second, our approach was applied over these 1000 retrieved documents

in order to re-rank the list obtained by ATT system for each question. This process

was repeated for different passage lengths. These lengths were of 5, 10, 15, 20, 25 and 

30  sentences.   

The final step was to compare the list retrieved by ATT system and the four lists ob-

tained by our system. Table 3 shows the precision obtained in each test.  The precision

measure is defined as the number of answers included at 5, 10, 20, 30, 40, 50, 100 and 

200 first documents or paragraphs retrieved in each list. 

4.3 Results Obtained

Table 3  shows the number of correct answers included into the top N documents of

each list for the 681 test questions. The first column indicates the number N of first

ranked documents selected for measuring the precision of each list. The second col-

umn shows the results obtained by ATT list. The remaining columns show the preci-

sion obtained by our system for passages of 5, 10, 15, 20, 25 an 30 sentences.

It can be observed that our proposal obtains better results than the original model,

being 20 sentences the optimum passage length for this task.

IR-n system

Answer

included 

ATT 

system
5 Sent. 10 Sent. 15 Sent. 20 Sent.

25 Sent 30 Sent. 

At 5 docs 442 444 464 488 508 532 531 

At 10 docs 479 505 531 549 561 570 572 

At 20 docs 517 551 573 584 595 599 599 

At 30 docs 539 575 596 600 612 617 618 

At 50 docs 570 599 611 623 624 637 637 

At 100 docs 595 614 631 640 644 650 646 

At 200 docs 613 634 643 648 654 655 655 

Table 3. Obtained results on TREC collection and 681 TREC queries.
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5 Conclusions and Future Works

In this paper, a  passage retrieval system for QA purposes has been presented. This

model can be included in the discourse-based models since it is using the sentences as

the logical unit to divide the document into passages. The passages are formed by a

fixed number of sentences. As results show, this approach performs better than a good

IR system for QA tasks. Results seem better if we take into account that our passage

approach returns only a  small piece of the whole document. This fact enhances our

results because the amount of text that a QA system has to deal with is much smaller

than using a  whole document. This way, our approach achieves a  reduction in QA

processing time without affecting system performance.

Several areas of future work have appeared while analysing results. First, we have to

investigate the application of question expansion techniques that allow increasing

system precision. Second, we have to measure the performance of our system by ap-

plying directly our paragraph retrieval method over the whole document collection

instead of using it for reordering a given list. And thirdly, it would be very useful for

QA systems to develop a passage validation measure to estimate the minimum number

of passages that a QA system has to process to be sure that it contains the answer to

the question. All these strategies need to be investigated and tested.
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