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Abstract. In this paper we propose a novel sentence retrieval method
based on extracting highly frequent terms from top retrieved documents.
We compare it against state of the art sentence retrieval techniques, in-
cluding those based on pseudo-relevant feedback, showing that the ap-
proach is robust and competitive. Our results reinforce the idea that top
retrieved data is a valuable source to enhance retrieval systems. This
is especially true for short queries because there are usually few query-
sentence matching terms. Moreover, the approach is particularly promis-
ing for weak queries. We demonstrate that this novel method is able to
improve significantly the precision at top ranks when handling poorly
specified information needs.
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1 Introduction

Retrieval of sentences that are relevant to a given information need is an im-
portant problem for which an effective solution is still to be found. Many Infor-
mation Retrieval (IR) tasks rely on some form of sentence retrieval to support
their processes [13]. For example, question answering systems tend to apply sen-
tence extraction methods to focus the search for an answer on a well-selected set
of sentences or paragraphs [5]. In query-biased summarization, there is a large
body of work dedicated to building summaries using sentences extracted from
the documents [12]. Topic detection and tracking (TDT) is another task where
the availability of effective sentence retrieval techniques is crucial in order to
isolate relevant material from a dynamic stream of texts (e.g. news) [19]. In web
IR, a good ranking of sentences, in decreasing order of estimated relevance to
the query, can also act as a solid tool to improve web information access [25].
Sentence retrieval is therefore a core problem in IR research and advances in this
area could potentially trigger significant benefits across the field.

We adopt the sentence retrieval problem as defined in the TREC novelty
tracks [8,18,17]. Given a textual information need, an initial ranking of docu-
ments is produced using some effective retrieval method and, next, the systems
should process the retrieved documents to locate the sentences that are relevant
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to the information need1. This is a realistic task. For instance, typical web search
engines have to address similar problems when building query-biased summaries.

The problem of sentence retrieval is far from easy. Sentences are very short
pieces of texts and, therefore, the sentence-query matching process has difficul-
ties. Many strategies, techniques and models have been proposed to address this
problem. Despite the variety of the approaches investigated, very simple vari-
ations of tf/idf measures can be labeled as state of the art sentence retrieval
methods [2,11].

We are not interested here in proposing a new model for sentence retrieval,
but we will extend a competitive sentence retrieval method to incorporate the
influence from terms which are highly frequent in the retrieved set of documents.
This is inspired by well-known research in query-biased summarization [20] that
estimated the set of significant words of a document using the number of term
occurrences within each document. We adapt this intuition to our current re-
trieval scenario. Rather than focusing on a single document to estimate which
words are significant, we will estimate the significant terms from the top re-
trieved documents. The set of highly ranked documents for a given query is a
very valuable source of information and, ideally, it provides a vocabulary focused
on the query topics. Hence, we compute term statistics globally in the retrieved
set of documents and adjust the tf/idf scores to take into account the contribu-
tion from the most significant terms. In this way, sentences that do not match
any query term can still be retrieved provided that they contain some significant
terms.

In the experiments we show that the approach is simple but very effective.
It outperforms significantly a competitive baseline under three different bench-
marks. The method is able to improve both precision at 10 sentences and the
F measure. We also compare the relative merits of this method against pseudo-
relevance feedback, showing that our approach is much more robust, especially
when queries are poor.

The rest of the paper is organized as follows. Section 2 reviews some papers
related to our research. In section 3 we explain the foundations of the method
proposed and the evaluation conducted is reported in section 4. The paper ends
with some conclusions and future lines of work.

2 Related Work

Sentence retrieval is an active research area where many researchers have pro-
posed different alternatives to tackle the problem. Many studies applied query
expansion either via pseudo-relevance feedback [6] or with the assistance of a
terminological resource [27,9]. Nevertheless, the effect of pseudo-relevance feed-
back is very sensitive to the quality of the initial ranks and it is quite difficult
to apply it effectively across different collections and types of queries [26]. More
1 The TREC novelty tracks propose two different tasks: retrieval of relevant sentences

and retrieval of relevant and novel sentences but we are only interested here in the
first task.
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evolved methods, such as selective feedback [1], are more stable but they usually
require training data. On the other hand, to expand queries with synonyms or
related terms from a lexical resource is problematic because noisy terms can
be easily introduced into the new query [21]. Moreover, a large terminological
resource, with good coverage, is not always available. As a matter of fact, lexical
expansion was not significantly better than purely statistical expansion meth-
ods in the sentence retrieval tasks of the TREC novelty tracks [8,18,17]. Other
expansion approaches based on co-occurrence data have been proposed. For in-
stance, in [27] the authors expand the query with terms that co-occur highly
with the query terms in the retrieved documents. Co-occurrence statistics from
a background corpus have been applied in [15]. Nevertheless, there is not much
evidence that these approaches can outperform the standard pseudo-feedback
methods.

Rather than expanding queries with new terms, other studies have focused
on improving the matching process by analyzing carefully the nature of the sen-
tence components. In this line, in [11], patterns such as phrases, combinations
of query terms and named entities were identified into sentences and the sen-
tence retrieval process was driven by such artifacts. Although this technique
was effective for detecting redundant sentences, it was not significantly better
than a regular tf/idf baseline for finding relevant sentences. In [7], terms in sen-
tences were categorized into four query-based categories, namely: highly relevant,
scarcely relevant, non-relevant and highly non-relevant. Nevertheless, this classi-
fication was mainly guided by the topic subfield in which the term occurs (title,
descriptive, narrative). Unlike this work, our approach uses the number of term
occurrences in the retrieved set of documents as the main factor to estimate the
significance of a term.

The work by Zhang and his colleagues [28] deserves special attention. They
presented a high performing sentence retrieval system which combined query
expansion and sentence expansion using Wordnet. Besides the linguistic-based
expansion, they proposed two impact factor measures to estimate the signifi-
cance of the query terms. The utility of these measures in removing some query
terms (low impact factor words) was empirically evaluated but no benefits were
observed. One of the impact factor measures was based on the frequency of
the term in relevant documents. The intuition was that highly frequent terms
are very significant and, therefore, they should not be removed from the query.
We pursue a similar idea but with a different objective. Rather than polishing
queries, our aim is to define a measure of how central a sentence is in the context
of the retrieved documents. The highly frequent words in the retrieved set are
the foundations of this measure.

In query-biased summarization, the notion of significant word (term with
high frequency in the document) was applied for sentence scoring purposes [20].
This was combined with aspects such as term location (the presence of a term
in the title of the document or in the leading paragraphs produced a positive
weight) and some query-oriented weights to produce a final score for the sen-
tences. Our method to adjust the basic tf/idf method is inspired by the notion
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of significant word applied in [20] but, rather than estimating the significant
terms for a single document, we are interested in computing the significant words
in a set of documents. As a matter of fact, the set of highly ranked documents for
a given query is a good container of topic-related terms, as demonstrated by the
success of different expansion methods for document retrieval [23]. Some papers
have applied the results of [20] to other environments. For instance, in [24], the
effects of query-biased summaries in web searching were studied. The summaries
are constructed from sentences scored using title, location, relation to the query
and text formatting information. However, the notion of significant words, as
proposed in [20], has not received major attention since then. We believe that it
is interesting to study the effect of such notion for sentence retrieval.

3 Highly Frequent Terms and Sentence Retrieval

The main component in our method consists of extracting a set of significant
words from the set of documents retrieved for a given query. Ideally, these terms
characterize well the query topics and, therefore, they can be used for improving
sentence retrieval. Given a set of highly ranked documents, Rq, terms occur-
ring more than a certain number of times in this set are collected into a set of
significant terms (STq) as follows2:

STq = {t ∈ Vq|tft,Rq > mno} (1)

where Vq is the set of unique terms appearing in Rq, tft,Rq is the term count
of t in Rq (tft,Rq =

∑
D∈Rq

tft,D) and mno is a parameter that determines
the minimum number of occurrences required for a term to be considered as
significant.

In order to select the sentences within the retrieved set of documents which
are relevant to the query, a combination of a regular tf/idf score and a significant
term score is applied. The tf/isf score (isf stands for inverse sentence frequency)
is:

tf isf(s, q) =
�

t∈q

log(tft,q + 1)log(tft,s + 1)log(
n + 1

0.5 + sft
) (2)

where sft is the number of sentences in which t appears, n is the number of
sentences in the collection and tft,q (tft,s) is the number of occurrences of t in q
(s). This formula was applied successfully in TREC novelty tracks for sentence
retrieval purposes [2]. Along this paper this method will be referred to as TF/ISF.

Given a query q, the significant term score of a sentence s, htf(s, q), is defined
as:

htf(s, q) =
√

|Vs ∩ STq| (3)

2 We include q as a subindex to stress the fact that this set is query-dependent. In
our experiments, Rq was fixed to be the set of documents supplied by the track’s
organizers (set of highly ranked documents associated to each query).
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where Vs is the set of unique terms appearing in s. The score depends on the
number of highly frequent terms in the sentence and the square root was intro-
duced to get the tf isf and htf scores on a similar scale and, therefore, combine
them adequately.

The sentence-query similarity is simply defined as the sum of the tf isf and
htf scores. Hereafter, this sentence retrieval method will be referred to as the
HTF method. The combination method applied here is intentionally simplistic
and we consider it as a first attempt to mix these factors. More evolved (and
formal) methods will be studied in the near future.

Sentences with a poor overlap with the query can still be retrieved provided
that they contain terms which are significant in the retrieved set. This method
promotes the retrieval of sentences which are somehow central for the query
topics. It is also a way to tackle the well-known vocabulary mismatching problem
in retrieval engines. The notion of term significance is equated here to high
term frequency in the retrieved set. Note that in our experiments stopwords
were removed. This is important because, otherwise, the STq sets would be
likely populated by many common words, which would introduce much noise.
Of course, many other alternatives could have been proposed to estimate term
significance (e.g. based on successful methods such as Local Context Analisis [26]
or Divergence from Randomness [3]). Nevertheless, the present study is focused
on a simple term frequency-based method which has proved successful in query-
biased summarization [20]. A complete comparison of different alternatives to
estimate term significance for sentence retrieval is out of the scope of this paper.

The parameter mno determines the size of the set STq and, consequently,
influences directly the weight of the htf component in the similarity formula.
Low mno values (e.g. mno < 5) do not make sense because the set STq would
contain most of the terms in the retrieved set. This set would have many non-
significant terms and the htf component in the formula above would be merely
promoting long sentences. On the other hand, very high mno values are not
advisable either because STq would be very small (empty in the extreme case)
and, therefore, the method would be roughly equivalent to the basic TF/ISF
technique. In this work, we test the effectiveness of our method with varying
number of minimum occurrences and analyze the sensitiveness of the method
with respect to the size of the set of significant terms. In the future, we will also
study other alternatives, such as query-dependent mno values estimated from
Rq.

The HTF method can be actually regarded as a form of pseudo-relevance
feedback (at the document level) aimed at estimating the importance of the
sentences within a retrieved set (with no query expansion). Term selection is
done before sentence retrieval and the selected terms are not used for expan-
sion (the terms are used for estimating the significance of a sentence). On the
other hand, the standard query expansion via pseudo-relevance feedback or lo-
cal co-occurrence is strongly sensitive to the quality of the original query [26].
If we use a few top ranked sentences to expand the query then it is likely that
we end up introducing some noise in the new query. We expect that the highly
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frequent terms approach is more robust because, rather than doing first a sen-
tence retrieval process to get some new terms, it analyzes globally the set of
retrieved documents to locate important sentences. It seems reasonable to think
that the behaviour of this method is more stable. One can rightly argue that an
original poor query will also be harmful in our approach because the quality of
the document ranking will be low. Nevertheless, once we have the rank of doc-
uments, the adjustment that we propose (htf score) does not involve the query
text. On the contrary, pseudo-relevance feedback methods apply subsequently
a sentence retrieval process from the query terms and, hence, they are much
more dependent on the quality of the queries (the query text is used twice).
Other evolved expansion methods, such as Local Context Analysis [26], which
has proved to be more effective and robust than pseudo-relevance feedback for
document retrieval, require also a second usage of the original query text for re-
trieving passages and, next, phrases are selected from the top passages to expand
the query. The process is thus rather complicated whereas the method applied
here is much simpler.

4 Experiments

The performance of the HTF method has been tested using three different col-
lections of data. These datasets were provided in the context of the TREC-2002,
TREC-2003 and TREC-2004 novelty tracks [8,18,17]. There are no newer TREC
collections suitable for our experiments because we need relevance judgments at
the sentence level. This sort of judgments is only available in the novelty track,
whose last edition took place in 2004. The novelty track data was constructed
as follows. Every year there were 50 topics available. In TREC-2002, the topics
were taken from TRECs 6, 7 and 8 (the complete list of topics chosen for the
novelty track can be found in [8]). In 2003 and 2004, the topics were created
by assessors designated specifically for the task [18,17] (topics N1-N50 and N51-
N100). For each topic, a rank of documents was obtained by NIST using an
effective retrieval engine. In 2002 and 2003 the task aimed at finding relevant
sentences in relevant documents and, therefore, the ranks included only relevant
documents (i.e. given a topic the set of relevant documents to the topic were
collected and ranked using a document retrieval engine). On the contrary, the
TREC-2004 ranks contained also irrelevant documents (i.e. the initial search for
documents was done against a regular document base, with relevant and irrele-
vant documents). Note that this means that the irrelevant documents are close
matches to the relevant documents, and not random irrelevant documents [17].
In any case, the ranks of documents contained at most 25 relevant documents
for each query.

The documents were segmented into sentences, the participants were given
these ranks of sentence-tagged documents and they were asked to locate the
relevant sentences. The relevance judgments in this task are complete because the
assessors reviewed carefully the ranked documents and marked every sentence
as relevant or non-relevant to the topic. In TREC-2002, very few sentences were
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judged as relevant (approximately 2% of the sentences in the documents). In
TREC-2003 and TREC-2004 the documents were taken from the AQUAINT
collection and the average percentage of relevant sentences was much higher than
in 2002 (approximately 40% in 2003 and 20% in 2004). This therefore shapes an
assorted evaluation design in which we can test the HTF method under different
scenarios and conditions. We focus our interest on short queries, which are by
far the most utilized ones, especially in environments such as the web [16]. In
our experiments, short queries were constructed from the title tags of the TREC
topics.

We used two different evaluation measures: precision at 10 sentences retrieved
and the F-measure, which was the official measure in the TREC novelty exper-
iments3. Regarding statistical significance tests, we applied two different tests,
the t-test and the Wilcoxon test, and we only concluded that a given difference
between two runs was significant when both tests agree (with a 95% confidence
level).

To ensure that the baseline was competitive we ran some initial experiments
with other popular retrieval methods. We experimented with Okapi BM25 [14]
and a Language Modeling approach based on Kullback-Leibler Divergence (KLD)
as described in [10] (with Dirichlet smoothing). The performance of BM25 is in-
fluenced by some parameters: k1 controls the term frequency effect, b controls
a length-based correction and k3 is related to query term frequency. We tested
exhaustively different parameter configurations (k1 between 0 and 2 in steps of
0.2, b between 0 and 1 in steps of 0.1 and different values of k3 between 1 and
1000). Similarly, we experimented with the KLD model for different values of
the μ constant, which determines the amount of smoothing applied (μ = 10,
100, 500, 1k, 3k, 5k). Results are reported in Table 1. A run marked with an
asterisk means that the difference in performance between the run and TF/ISF
is statistically significant. In all collections, there was not statistically significant
difference between the TF/ISF run and the best BM25 run. We also observed
that BM25 was very sensitive to the parameter setting (many BM25 runs per-
formed significantly worse than TF/ISF). On the other hand, KLD was inferior
to both TF/ISF and BM25. These results reinforced previous findings about the
robustness of the TF/ISF method [2,11] and demonstrated that this method is
a very solid baseline.

We also tried out different combinations of the standard preprocessing strate-
gies (stopwords vs no stopwords, stemming vs no stemming). Although there was
no much overall difference, the runs with stopword processing and no stemming
were slightly more consistent. Since the TF/ISF method takes the idf statistics
from the sentences in the documents available for the task (which is a small set of
sentences), we were wondering whether better performance may be obtained us-
ing idf data from a larger collection. To check this, we indexed a large collection

3 The F-measure is the harmonic mean (evenly weighted) of sentence set recall and
precision. In the TREC-2002 experiments, we computed the F-measure using the
top 5% of the retrieved sentences and in the other collections we used the top 50%
of the retrieved sentences. Similar thresholds were taken in TREC experiments [2].
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Table 1. Comparing different baselines

TREC-2002
TF-ISF BM25 KLD

best run k1 = .4, b = 0, k3 = 1 μ = 3000
P@10 .19 .19 .16
F .188 .190 .172*

TREC-2003
TF-ISF BM25 KLD

best run k1 = .6, b = 0, k3 = 1 μ = 1000
P@10 .74 .76 .73
F .512 .512 .510*

TREC-2004
TF-ISF BM25 KLD

best run k1 = .2, b = 0, k3 = 1 μ = 500
P@10 .43 .44 .41
F .370 .371 .369

Table 2. Evaluation results

TREC-2002
HTF, mno= PRF, # exp terms=

TF/ISF 7 10 15 20 5 10 20 50
P@10 .19 .23* .22* .22 .22 .19 .20 .17 .20
F .188 .197 .197 .197 .192 .190 .181 .181 .178

TREC-2003
P@10 .74 .78* .78 .79* .79* .78* .79* .78 .77
F .512 .560* .559* .555* .554* .535* .550* .558* .560*

TREC-2004
P@10 .43 .51* .50* .50* .50* .48* .48* .49* .46
F .370 .391* .389* .387* .388* .376 .382 .386* .392*

of documents (the collection used in the TREC-8 adhoc experiments [22]) and
ran some experiments where the idf statistics were taken from this index. The
original TF/ISF method computed at the sentence level over the small document
base was superior. It appears that the small index of sentences is good enough for
sentence retrieval (at least for these short queries). We therefore set the baseline
to be the original TF/ISF approach with stopword and no stemming4.

In the HTF experiments we took the set of retrieved documents for each
query and computed the set of highly frequent terms (STq). Several experiments
were executed with varying minimum number of occurrences (mno) namely, 7,
10, 15, 205. Results are shown in Table 2 (columns 3-6). The results are very
encouraging. All the HTF runs produced better performance than the baseline’s
performance. The improvements are small in TREC-2003. This is not surprising
because there is a high population of relevant sentences in this collection (note
that the baseline performance is very high, e.g. P@10=74%) and, therefore, it is
difficult to get further benefits. There are so many relevant sentences that there is

4 We use short queries, while the groups participating in the TREC novelty tracks
were allowed to use the whole topic. This means that the results presented here are
not comparable to any of the results reported in the novelty tracks.

5 In [20], terms occurring seven or more times in a document were regarded as signif-
icant for building a query-biased summary.
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no need to apply an evolved method to get a reasonably good top 10. On the other
hand, when the retrieved documents have less relevant sentences (2002 and 2004)
the HTF retrieval approach produces very significant improvements. It should
be noted that there was not a single HTF run yielding worse performance than
the baseline. Actually, the method is quite insensitive to the minimum number of
occurrences for a term to be considered highly frequent. The four values tested
yielded very similar performance. This is a nice feature of the approach as it
does not seem problematic to set a good value. Furthermore, the improvements
are apparent in both performance ratios. This means that the HTF technique
works effectively not only for supplying ten good sentences but also consistently
provides relevant sentences across the whole rank.

We also wanted to study the relative merits of HTF against expansion via
pseudo-relevance feedback (hereafter, PRF). Although HTF and PRF are in-
trinsically distinct and both alternatives could actually complement each other,
it is still interesting to analyze how robust the HTF method is in comparison
with PRF. We experimented with query expansion using an standard PRF tech-
nique [4] which consists of adding the most frequent terms from the top ranked
documents. This technique, adapted to sentence retrieval (i.e. selecting expan-
sion terms from the top ranked sentences), has proved to be successful to improve
the performance of sentence retrieval [10]. There is no empirical evidence that
any other advanced query expansion method (e.g. Local Context Analysis [26])
works better than PRF in sentence retrieval.

Since the characteristics of the collections are very different to one another, the
comparison between HTF and PRF is general enough, with varying conditions of
the type of data and the amount of relevant material. For instance, we expected
modest improvements from PRF in 2002 data due to the scarcity of relevant
material, and much better PRF results in 2003 and 2004 collections because
there are more relevant sentences. Another interesting point to study is the effect
of the number of expansion terms. This number affects performance in a critical
way (many terms imply usually too much noise in the new query). Therefore
we want to check this effect in sentence retrieval and compare it against the
behaviour of the HTF approach.

A pool of pseudo-relevance feedback experiments was designed as follows.
Given the TF/ISF rank, queries were expanded with the 5, 10, 20 or 50 highest
frequent terms in the top 10 sentences. Next, the set of sentences was re-ranked
using the new queries. Results are reported in Table 2 (columns 7-10). PRF is
much less consistent than HTF. The average performance is clearly lower than
the HTF’s average performance. The number of PRF runs whose performance
is significantly better than the baseline’s performance is smaller than the corre-
sponding number of HTF runs. Furthermore, some PRF runs performed worse
than the baseline. Summing up, the HTF method works at least as well as PRF
techniques and it is less sensitive to variations in its parameter. It is important
to note that the HTF method is also convenient for efficiency reasons. It does
not require an initial sentence retrieval process and the STq sets can be easily
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Table 3. Poorest queries

TREC-2002
TF/ISF HTF PRF

P@10 .03 .09 .03
7(+) 0(-) 8(=) 1(+) 2(-) 12(=)

TREC-2003
TF/ISF HTF PRF

P@10 .39 .52 .50
9(+) 3(-) 3(=) 10(+) 2(-) 3(=)

TREC-2004
TF/ISF HTF PRF

P@10 .13 .21 .15
8(+) 2(-) 5(=) 4(+) 4(-) 7(=)

computed from a regular inverted file (summing the term counts in the retrieved
documents).

Let us now pay attention to the behaviour of these sentence retrieval meth-
ods when handling poor queries. Such queries are very problematic for retrieval
systems and it is important to analyze them in depth. For each collection, we
analyzed the 15 queries that had yielded the lowest P@10 figures with the base-
line method6. In Table 3 we report the P@10 values obtained with the TF/ISF
run and the best HTF and PRF runs. For the HTF and PRF runs, we also show
the number of queries whose P@10 is better than (+), worse than (-) or equal
to (=) the P@10 obtained with the baseline run. The results are very conclu-
sive. In TREC-2003 data, where the 15 worst topics retrieve a reasonably good
number of relevant sentences in the top 10 (39% on average), both methods per-
form roughly the same. On the contrary, in TREC-2002 and TREC-2004, where
the initial ranks are quite poor (3% and 13% of relevant sentences on average,
respectively), the HTF method is much more robust and performs significantly
better than PRF. The HTF method is consistent even in the presence of weak
queries. With such queries, pseudo-relevance feedback suffers from poor perfor-
mance (in some cases, it does not outperform the baseline), whilst the HTF runs
still provide solid improvements. This is very valuable because it is usually easy
to improve performance when the initial rank has a good population of relevant
material but, on the other hand, it is quite hard to improve performance when
the initial rank is not good enough. The ability of the HTF method to improve
significantly the precision at top ranks when handling poor queries is an impor-
tant property of this sentence retrieval approach. This suggests that this method
is especially suitable for real applications with poorly specified information needs
where users only want to go through a small number of sentences.

Having demonstrated that the HTF technique is competitive and outperforms
solid sentence retrieval methods when initial ranks are poor, it is important
to mention that it is actually compatible with pseudo-relevance feedback. Our
method is capable of estimating the centrality of sentences within a retrieved set
6 For reproductability purposes, these queries were: T2002: 305,312,314,315,330,

377,381,406,411,420,432,323,325,326,339. T2003: 48,12,14,25,19,20,1,45,24,28,29,30,
5,22,36. T2004: 57,77,61,71,86,93,94,97,56,62,65,70,78,80,84.
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of documents. This effect could be combined with an expansion approach from a
few top ranked sentences and, therefore, retrieval engines can incorporate both
techniques. With weak queries the application of pseudo-relevance feedback is
not advisable but stronger queries could attain benefits from the combined use
of centrality and expansion.

5 Conclusions and Future Work

We have proposed a novel sentence retrieval mechanism based on extracting
highly frequent terms from a retrieved set of documents. The experiments re-
ported in this paper demonstrate that this approach outperforms clearly state-
of-the-art sentence retrieval methods in the context of a query retrieval use case.
We also showed that our method is more robust than standard pseudo-relevance
feedback methods and it is simpler because it does not require an initial sentence
retrieval process. The method proposed here is especially valuable in terms of
the precision at top ranks when queries are weak. In the future we will explore
more formal methods to combine the centrality and retrieval scores. We will also
study alternative ways to estimate term significance.
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