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Abstract—Extractive speech summarization, which purports to
select an indicative set of sentences from a spoken document so
as to succinctly represent the most important aspects of the doc-
ument, has garnered much research over the years. In this paper,
we cast extractive speech summarization as an ad-hoc information
retrieval (IR) problem and investigate various language modeling
(LM) methods for important sentence selection. The main contri-
butions of this paper are four-fold. First, we explore a novel sen-
tence modeling paradigm built on top of the notion of relevance,
where the relationship between a candidate summary sentence and
a spoken document to be summarized is discovered through dif-
ferent granularities of context for relevance modeling. Second, not
only lexical but also topical cues inherent in the spoken document
are exploited for sentence modeling. Third, we propose a novel
clarity measure for use in important sentence selection, which can
help quantify the thematic specificity of each individual sentence
that is deemed to be a crucial indicator orthogonal to the rele-
vance measure provided by the LM-based methods. Fourth, in an
attempt to lessen summarization performance degradation caused
by imperfect speech recognition, we investigate making use of dif-
ferent levels of index features for LM-based sentence modeling, in-
cluding words, subword-level units, and their combination. Exper-
iments on broadcast news summarization seem to demonstrate the
performance merits of our methods when compared to several ex-
isting well-developed and/or state-of-the-art methods.
Index Terms—Clarity measure, KL divergence, language mod-

eling, relevance modeling, speech summarization.

I. INTRODUCTION

I N RECENT years, we have witnessed a flurry of research
activity aimed at the development of novel and ingenious

methods for speech summarization, which manages to generate
a concise summary that can help users efficiently review or
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quickly assimilate the important information conveyed by ei-
ther a single spoken document or multiple spoken documents
[1]–[6]. This is due in large part to the advances in automatic
speech recognition (ASR) [7], [8] and the ever-increasing vol-
umes of multimedia associated with spoken documents made
available to the public [9], [10]. However, speech summariza-
tion inevitably suffers from the problems of recognition errors
and incorrect sentence boundaries when using ASR techniques
to transcribe the spoken documents into text forms. On the other
hand, speech summarization also presents information cues that
are peculiar to it and do not exist for text summarization, such
as information cues about prosodies/acoustics and emotions/
speakers, which can potentially help in determining the impor-
tant parts or implicit structures of spoken documents [1]–[3],
[6], [11].
The generation process of a summary basically can be either

abstractive or extractive [12]. In abstractive summarization, a
fluent and concise abstract that reflects the key concepts of a
document is generated, whereas in extractive summarization,
the summary is usually formed by selecting salient sentences
from the original document. The former requires more so-
phisticated natural language processing (NLP) techniques,
including semantic representation and inference, as well as
natural language generation, while this would make abstractive
approaches difficult to replicate or extend from constrained
domains to more general domains. Apart from being abstractive
or extractive, a summary may also be generated by considering
several other aspects like being generic or query-oriented
summarization, single-document or multi-document summa-
rization, among others. In this paper, we focus exclusively on
generic, extractive summarization of spoken documents, since
it usually constitutes the essential building block for many
other speech summarization tasks.
The extractive speech summarization methods that have been

developed so far may roughly fall into three main categories
[3], [4], [12]: 1) methods simply based on the sentence struc-
ture or location information, 2) methods based on unsupervised
statistical measures, and 3) methods based on supervised sen-
tence classification. For the first category, important sentences
can be selected from some salient parts of a spoken document
[13], [14]. As an illustration, sentences can be selected from
the introductory and/or concluding paragraphs. Nevertheless,
such methods can only be applied to some specific or limited
domains, or restricted document structures. On the other hand,
extractive speech summarization based on statistical measures
attempts to select important sentences according to statistical
features of spoken sentences or of words in the sentences in
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an unsupervised manner. Statistical features, for instance, can
be the term (word) frequency, linguistic score and recognition
confidence measure, as well as the prosodic (acoustic) infor-
mation. The associated unsupervised methods based on these
features have attracted considerable attention from the research
community. Mainstream methods include, but are not limited
to, the vector space model (VSM), the latent semantic analysis
(LSA) method [15], the Markov random walk (MRW) method
[16], the maximummarginal relevance (MMR)method [17], the
sentence significance score method [1], the LexRank method
[16], the submodularity-based method [19], [20] and the in-
teger linear programming (ILP) method [21], [22]. Aside from
that, a number of classification-based methods using various
kinds of indicative features also have been developed, such as
the Gaussian mixture models (GMM) [23], the Bayesian clas-
sifier (BC) [24], the support vector machine (SVM) [25] and
the conditional random fields (CRFs) [26], to name just a few.
In these methods, important sentence selection is usually for-
mulated as a binary classification problem. A sentence can ei-
ther be included in a summary or not. These classification-based
methods need a set of training documents along with their corre-
sponding handcrafted summaries for training the classifiers (or
summarizers). However, manual annotation is both time-con-
suming and labor-intensive. Even if the performance of unsu-
pervised summarizers is not always comparable to that of super-
vised summarizers, their easy-to-implement and portable prop-
erty still makes them attractive. Interested readers may also refer
to [3], [4], [12] for comprehensive and enjoyable overviews of
state-of-the-art methods that have been successfully developed
and applied to a wide variety of text and speech summarization
tasks.
An emerging school of thought is to employ the language

modeling (LM) framework along with the Kullback-Leibler
(KL) divergence measure for important sentence selection
[27], [28], which has shown preliminary promise for extractive
speech summarization. Our work in this paper continues this
general line of research, and the main contributions are at least
four-fold. First, we explore a novel sentencemodeling paradigm
built on top of the notion of relevance, where the relationship
between a candidate summary sentence and a spoken document
to be summarized is discovered through different granularities
of context for relevance modeling. Second, not only lexical but
also topical cues inherent in the spoken document are exploited
for sentence modeling. Third, we propose a novel use of the
clarity measure for important sentence selection, which can
help quantify the thematic specificity of each individual sen-
tence that is deemed to be a crucial indicator complementary
to the relevance measure provided by the LM-based methods.
Fourth, in an attempt to mitigate summarization performance
degradation caused by imperfect speech recognition, we inves-
tigate pairing our summarization methods with different levels
of index features, including words, subword-level units and
their combination.
The rest of this paper is organized as follows. Section II first

reviews a few state-of-the-art unsupervised summarization
methods that we will evaluate and compare in this paper, and
then describes some particular considerations for conducting
speech summarization. The basic mathematical formulations

of the LM-based summarization framework are elucidated in
Section III. We shed light on the notion of leveraging rele-
vance information for sentence modeling in Section IV. To
this end, we also illustrate how to take advantage of various
granularities of semantic context for relevance modeling. In
Section V, a novel clarity measure for important sentence
selection is proposed. After that, the experimental settings and
a series of speech summarization experiments are presented in
Sections VI and VII, respectively. Finally, Section VIII con-
cludes this paper along with directions of future work.

II. RELATED WORK

The wide array of unsupervised summarization methods
developed thus far may be further grouped into three prominent
paradigms: 1) the vector-space methods, 2) the graph-based
methods, and 3) the combinatorial optimization methods. In
the following, we briefly review these three main paradigms,
as well as some particular considerations pertaining to spoken
documents.

A. The Vector-Space Methods

The vector space model (VSM), the latent semantic analysis
(LSA), and the maximum marginal relevance method (MMR)
are three representatives of the subcategory. VSM represents
each sentence of a document and the whole document, respec-
tively, in a vector form, where each dimension specifies the
weighted statistics, for example the product of the term fre-
quency (TF) and inverse document frequency (IDF), associated
with an index term (or word) in the sentence or document [15].
Sentences with the highest relevance scores (e.g., in terms of
the cosine similarities) to the whole document are included in
the summary. On the other hand, LSA projects the vector repre-
sentation of the sentence (and document) into a latent semantic
space, which is usually obtained by performing singular value
decomposition (SVD) on a word-by-sentence matrix of a given
document. The ranking score of each sentence in the document
to be summarized can be calculated by using the cosine simi-
larity measure between the semantic vectors of the sentence and
the document represented in the LSA space [10], [15]. Addition-
ally, MMR can be viewed as an extension of VSM, because it
also represents each sentence (and document) into a vector rep-
resentation and the sentence selection is also based on the cosine
similarity measure. The major difference is that MMR performs
sentence selection iteratively by simultaneously considering the
criteria of theme relevance and redundancy [17].

B. The Graph-based Methods

TheMarkov randomwalk (MRW)method conceptualizes the
document to be summarized as a graph of sentences, where
each node represents a sentence and the associated weight of
each link represents the lexical similarity relationship between
a pair of nodes. Speech summarization thus relies on the global
structural information embedded in such conceptualized graph,
rather than merely considering the similarity solely between
each sentence of the document to be summarized and the docu-
ment itself. Put simply, sentences that are more similar to others
are deemedmore salient to themain theme of the document [16].
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In addition, LexRank bears a close resemblance to MRW by se-
lecting salient sentences based on the notion of eigen-centrality
of the sentence graph [18]. Both MRW and LexRank in essence
are inspired from the well-known PageRank algorithm [29] that
is widely adopted by most of today’s commercial search engines
on the Internet.

C. The Combinatorial Optimization Methods
In addition, an interesting research direction is to frame the

extractive speech summarization task as a combinatorial opti-
mization problem, for which two widely studied and practiced
methods are the submodularity-based method and the integer
linear programming (ILP) method. The submodularity-based
method views important sentence selection as a combinatorial
optimization problem with a few objective functions defined on
the sentence graph. A reasonable property of diminishing re-
turns, stemming from the field of economics, is employed for
important sentence selection. Several polynomial-time imple-
mentations have been proposed, with the intention to solve the
summarization problem near-optimally [19], [20]. In contrast,
the ILP method leverages integer linear programming to deal
with the constrained, combinatorial optimization problem re-
lated to extractive speech summarization.More specifically, ILP
method reformulates the extractive summarization task as an
optimization problem with a set of constrains, and then glob-
ally selects an optimal sentence combination by using integer
linear programming. By doing so, ILP manages to select a pre-
ferred set of summary sentences that can retain the most impor-
tant theme of a given document. Although ILP is an NP-hard
problem, some exact algorithms (such as branch-and-bound)
can be exploited for ILP. These algorithms, however, are not
readily suited for large-scale problems, since they almost in-
variably involve a rather time-consuming process for important
sentence selection [21], [22], [30].

D. Considerations Specifically for Spoken Documents
The aforementioned methods mostly can be applied to both

text and speech summarization; the latter, however, presents
unique difficulties, such as speech recognition errors, problems
with spontaneous speech, and the lack of correct sentence or
paragraph boundaries [1]–[3], [6], [11]. It has been empirically
shown that speech recognition errors seem to be the dominating
factor for the performance degradation of speech summarization
when using speech recognition transcripts instead of manual
transcripts, whereas erroneous sentence boundaries cause rel-
atively minor problems [31], [32]. To ameliorate this problem,
a recent trend in speech summarization has been to pursue dif-
ferent ways for robustly representing the recognition hypotheses
of spoken documents, such as the use of word lattices, confusion
networks, -best lists and subword-level indexing mechanisms
[28], [33], beyond the continued and tremendous efforts made
to improve speech recognition accuracy [7], [8]. Furthermore,
prosodic (acoustic) features, e.g., intonation, pitch, formant, en-
ergy, and pause duration, can provide important clues for speech
summarization. Some recent work has revealed that exploring
more non-lexical features such as the prosodic features is ben-
eficial for speech summarization especially when the speech
recognition accuracy is not perfect [24], [34], [35], although re-

liable and efficient ways to use such features still await further
studies.
The summaries of spoken documents can be presented in

either text or speech form. The former has the advantage of
easier browsing and further processing, but it is subject to
speech recognition errors, as well as the loss of the speaker’s
emotional/prosodic information, which can only be conveyed
by speech signals [1], [6], [11].

III. LANGUAGE MODELING FRAMEWORK

Intuitively, extractive speech summarization could be framed
as an ad-hoc information retrieval (IR) problem [36], where the
spoken document to be summarized is treated as an informa-
tion need and each sentence of the document is regarded as a
candidate information unit to be retrieved according to its rel-
evance (or importance) to the information need. Therefore, the
primary goal of extractive speech summarization could be stated
as the selection of the most representative sentences that can
succinctly describe the main theme of the spoken document. In
the past several years, the language modeling (LM) framework
has been introduced to a wide range of IR tasks and demon-
strated with good empirical success [37]–[39]; this modeling
paradigm has been recently adopted for speech summarization
with some success [27], [28], [40], [41].

A. Document Likelihood Measure
When adopting the notion of language modeling for extrac-

tive speech summarization, a principal realization is to use a
probabilistic generative paradigm for ranking each sentence
of a spoken document to be summarized, which can be ex-
pressed by ( ). Instead of calculating this probability di-
rectly, we can apply the Bayes’ rule and rewrite it as follows:

(1)

where is the sentence generative probability, i.e., the
likelihood of being generated by , is the prior prob-
ability of the sentence being relevant, and is the prior
probability of the document . in (1) can be eliminated
because it is identical for all sentences and will not affect the
ranking of the sentences. Furthermore, how to precisely esti-
mate the prior probability is still an open issue; we may
simply assume that is uniformly distributed, or identical
for all sentences, as a practical matter. In this way, the sen-
tences of a spoken document to be summarized can be ranked
by means of the probability instead of using the prob-
ability : the higher the probability , the more
representative is likely to be for .
If the document is expressed as a sequence of words (or

terms), , where words are further assumed
to be conditionally independent given the sentence and their
order is assumed to be of no importance (i.e., the so-called “bag-
of-words” assumption), then can be approximated by

(2)

where denotes the length of the document . The simplest
way to estimate a unigram language model is on the basis of the
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frequency of each distinct word occurring in the sentence,
with the maximum likelihood (ML) criterion:

(3)

where ( , ) is the number of times that word occurs in
and is the length of . The unigram language model of the
document likelihood measure (DLM) shown in (3) can be fur-
ther smoothed by a background unigram language model esti-
mated from a large general collection to model the general prop-
erties of the language as well as to avoid the problem of zero
probability [38], [39].

B. Kullback-Leibler Divergence Measure
Another basic formulation of LM for extractive speech sum-

marization is the Kullback-Leibler (KL)-divergence measure
(denoted as KLM for short) [38], which assesses the relation-
ship between the sentences of a document to be summarized and
the document itself from a more rigorous information-theoretic
perspective. For the idea to work, two distinct language models
are involved in KLM: one for the whole document and the other
for each sentence of the document. KLM assumes that words in
the document are simple random draws from a unique language
distribution describing some aspects of interest and words in the
sentences which belong to the summary should also have higher
probabilities to be drawn from the same distribution. Therefore,
we can use KLM to quantify how close the document and one
of its sentences are: the closer the sentence model
to the document model , the more likely the sentence
would be selected into the summary set. The divergence of the
sentence model with respect to the document model is defined
by

(4)

where denotes a specific word in the vocabulary and a sen-
tence has a smaller value in terms of ) is deemed
to be more important. Then, the summary sentences for rep-
resenting a given spoken document can be iteratively selected
(i.e., one at each iteration) from the document in accordance
with its corresponding divergence value until the aggregated
summary reaches a predefined target summarization ratio. It
is easy to show that KLM can be degenerated to DLM (i.e.,

) will give the same ranking of sentences as that
done by ( )), once the document model is estimatedmerely
on the basis of the empirical frequency of words in the document
[38]:

(5)

In (5), means equivalent in terms of being used for the pur-
pose of ranking sentences, and is simply estimated by

( , , where ( , ) is the number of times occur-
ring in and is the total count of words in . Therefore, KLM
not only can be thought as a natural generalization of DLM, but
also has the additional merit of being able to accommodate extra
information cues to improve the estimation of its component
models (i.e., the sentence and document models) in a system-
atic way. The sentence ranking problem thereby boils down to
how to precisely deduce the component models of KLM.

IV. ENHANCED SENTENCE MODELING WITH RELEVANCE CUES
Due to that each sentence of a spoken document to be sum-

marized usually consists of only a few words, the corresponding
sentence model might not be appropriately estimated by the ML
estimation. With the mitigation of this deficiency as motivation,
in this paper we explore several effective sentence modeling for-
mulations to enhance the sentence representation through lever-
aging the relevance cues gleaned from pseudo-relevance feed-
back (PRF) [36], [42]. To realize this idea, each sentence is re-
garded as a query and posted to an IR system to retrieve a set
of top-ranked text or spoken documents, which are taken as ex-
emplars of pseudo-relevant documents for the use in subsequent
sentence modeling.

A. Relevance Modeling (RM)
Each sentence of a spoken document to be summarized is

assumed to be associated with an unknown relevance class
and words that are relevant to the semantic content expressed
in are samples drawn from [43]. However, since there is
no prior knowledge about in practice, a pseudo-relevance
feedback procedure may be performed, which takes each sen-
tence as a query and poses it to an IR system to retrieve a set
of top-ranked contemporary text (or spoken) documents to ap-
proximate the relevance class . The corresponding relevance
model (RM), on the grounds of a multinomial view of , can
be estimated using the following equation:

(6)

where is the set of top-ranked pseudo-relevant documents
returned by the IR system. The probability can be simply
kept uniform or determined in accordance with the relevance
of to , while and are estimated on
the grounds of the word occurrence counts in with the ML
estimation. The RM model assumes that words that co-occur
with the sentence in the feedback documents will have higher
probabilities. The resulting relevance model can be
linearly combined with or used to replace the original sentence
model .

B. Incorporating Topic Information into RM
In this paper, we advance RM one step further by incorpo-

rating topic information drawn from top-ranked pseudo-rel-
evant documents. We assume that the corresponding docu-
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ment models share a common set of latent topic variables
[44]. Then, the probability that a word is

sampled from a relevant document is not estimated directly
based on the frequency of the word occurring in the document,
but rather based on the frequency of in the latent topics as
well as the likelihood that generates the respective topics:

(7)

The probabilities and shown in (7) can be
estimated beforehand using the expectation-maximization (EM)
inference algorithm and with a general text (or spoken) docu-
ment collection. The resulting relevance model is referred to as
the topic-based relevance model (TRM).

C. Word Relevance Modeling

The most challenging issue facing RM is how to efficiently
infer the relevance class so as to model the co-occurrence rela-
tionship between the words in a given sentence and any other
words. As was noted above, the relevance class of a given sen-
tence is approximated by the top-ranked documents returned
by an IR system in response to during the summarization
process. Although, RM represents a promising approach to sen-
tence modeling by exploring the relevance cues, it has to resort
an additional IR procedure for speech summarization. In view of
this, we investigate an alternative strategy that capitalizes on the
so-called word relevance model (WRM) for enhancing sentence
formulation. WRM tries to explore “word-word” relevance cues
prior to the summarization process, and such relevance cues are
distinct from those “word-document” relevance cues inferred by
RM.
The important notion of WRM is that the words ’ occur-

ring in a sentence determine the semantic meaning of . Fur-
thermore, the distributional information of other words occur-
ring immediately surrounding each sentence word in the text (or
spoken) document collection, to some extent exhibiting a sort of
“word-word” relevance information, collectively can be used
to approximate the relevance class of . To this end, in the
training phase (before speech summarization), the WRMmodel

of each word ’ in the language can be trained by
concatenating those words occurring within a vicinity of (or a
word context window of size around) each occurrence of ’
(which are postulated to be relevant to ’) to form a relevant
observation sequence for estimating . Hence, during
speech summarization, the composite WRM model of a given
sentence can be efficiently derived, without the perennial need
of resorting to an external IR procedure. By doing so, the joint
probability of and can thus be alternatively computed by:

(8)

In the training phase, the probabilities and
are estimated on basis of the word occurrence

frequencies with the ML estimation and further smoothed
by a background unigram language model estimated from a

large general collection. As such, the conditional probability
can thus be expressed by

(9)

In the same vein, the resulting word relevance model
can also be linearly combined with or used to

replace the original sentence model .

V. SENTENCE CLARITY MEASURE

Most of the LM-based speech summarization methods focus
on estimating the degree of relevance between a candidate sum-
mary sentence and the spoken document to be summarized.
However, we believe that there remain some other useful word
usage cues that can aid in the process of important sentence se-
lection. Motivated by the above considerations, in this paper we
propose to additionally incorporate a sentence-level clarity mea-
sure to quantify the thematic specificity of each candidate sum-
mary sentence, which is formally defined as follows:

(10)

where designates the background document collection. The
aforementioned sentence-level clarity measure involves two
components. One is the cross entropy between the
background unigram model , which is estimated from a
general document collection, and the sentence model :

(11)

The background unigram model is used to render the general
generic properties of the language, while the sentence model
captures specific word usage cues inherent in the sentence. It
is hypothesized that the higher the cross entropy (or the farther
the sentence model away from the background model), the more
thematic information the sentence is to convey. The other
component is the negative entropy ) of the sentence :

(12)

The higher the negative entropy , themore concentrative
the word usage of the sentence is, revealing that concen-
trates more on some important aspect of the document. To recap,
a candidate summary sentence is clearly expressed if its corre-
sponding model diverges from the background unigram model
and at the same time assigns higher probabilities to only some
specific content words.
In this way, the original KL divergence measure (KLM)

can be used in conjunction with the sentence-level clarity
measure for important sentence ranking through the following
expression:

(13)
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A candidate sentence receives a higher value returned by
(13) is deemed to be more important than others. It should
be mentioned that the notion of the clarity measure has been
investigated for improving query modeling in several IR tasks
[45], [46]. However, to our knowledge, the clarity measure
has not yet been extensively explored in the context of speech
summarization.

VI. EXPERIMENTS SETUP

A. Speech and Language Corpora

The summarization dataset employed in this study is a pub-
licly available broadcast news corpus (MATBN) collected by
the Academia Sinica and the Public Television Service Founda-
tion of Taiwan between November 2001 and April 2003 [47],
which has been segmented into separate stories and transcribed
manually. Each story contains the speech of one studio anchor,
as well as several field reporters and interviewees, of which
all sentence boundaries also have been determined by human
annotation. A subset of 205 broadcast news documents com-
piled between November 2001 and August 2002 was reserved
for the summarization experiments. Furthermore, since broad-
cast news stories often follow a relatively regular structure as
compared to other speech materials like conversations, the po-
sitional information would play an important role in extractive
summarization of broadcast news stories. We hence chose 20
documents, for which the generation of reference summaries
is less correlated with the positional information (or the posi-
tion of sentences) as the held-out test set to evaluate the general
performance of the proposed summarization framework, while
another subset of 100 documents the development set for deter-
mining the parameters of the various unsupervised summariza-
tion methods compared in the paper.
On the other hand, twenty-five hours of gender-balanced

speech from the remaining speech data were used to train the
acoustic models for speech recognition. The data was first used
to bootstrap the acoustic model training with the ML criterion
[48]. Then, the acoustic models were further optimized by the
minimum phone error (MPE) discriminative training algorithm
[49]. Table I shows some basic statistics about the spoken
documents of the development and evaluation sets, where
the average word error rate (WER) obtained for the spoken
documents was about 38.1%. A large number of text news
documents collected by the Central News Agency (CNA) be-
tween 1991 and 2002 (the Chinese Gigaword Corpus released
by LDC) were used. The documents collected in 2000 and
2001 were used to train -gram language models for speech
recognition with the SRI Language Modeling Toolkit [50].
In addition, a subset of about 100,000 text news documents,
compiled during the same period as the broadcast news docu-
ments to be summarized, was not only employed to estimate
the background model that is used to smooth the
various sentence models studied in this paper, but also used in
related PRF methods to retrieve top-ranked documents for the
following sentence models estimation.

TABLE I
THE STATISTICAL INFORMATION OF THE BROADCAST NEWS DOCUMENTS

USED IN THE SUMMARIZATION EXPERIMENTS

TABLE II
THE AGREEMENT AMONG THE SUBJECTS FOR IMPORTANT

SENTENCE RANKING FOR THE EVALUATION SET

B. Performance Evaluation

Three subjects were asked to create summaries of the spoken
documents used in the summarization experiments as references
(the gold standard) for evaluation. The reference summaries
were generated by ranking the sentences in the manual tran-
script of a spoken document by importance without assigning
a score to each sentence. For the assessment of summarization
performance, we adopted the widely-used ROUGE measure
[51]. It evaluates the quality of the summarization by counting
the number of overlapping units, such as -grams, longest
common subsequences or skip-bigram, between an automatic
summary and a set of reference summaries. Three variants
of the ROUGE measure were used to quantify the utility of
the proposed methods. They are, respectively, the ROUGE-1
(unigram) measure, the ROUGE-2 (bigram) measure and the
ROUGE- (longest common subsequence) measure [51].
The summarization ratio, defined as the ratio of the number

of words in the automatic (or manual) summary to that in the
reference transcript of a spoken document, was set to 10% in
this research. Since increasing the summary length tends to in-
crease the chance of getting higher scores in the recall rate of
the various ROUGE measures and might not always select the
right number of informative words in the automatic summary
as compared to the reference summary, all the experimental re-
sults reported hereafter are obtained by calculating the F-scores
of the three variants of the ROUGEmeasure. Table II shows the
levels of agreement (the Kappa statistic and ROUGE measures)
between the three subjects for important sentence ranking. Each
of these values was obtained by using the summary created by
one of the three subjects as the reference summary, in turn for
each subject, while those of the other two subjects as the test
summaries, and then taking their average. These observations
seem to reflect the fact that people may not always agree with
each other in selecting the summary sentences for representing
a given document.
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TABLE III
BASIC SENTENCE FEATURES USED BY SUPERVISED SUMMARIZERS

C. Features for Supervised Summarizers

Several kinds of indicative features have been designed and
widely-used in speech summarization, especially with the su-
pervised machine-learning approaches [25], [32]. In this paper,
we take SVM as the representative supervised summarizer and
use a set of 35 indicative features, as outlined in Table III, to
characterize a spoken sentence, including the lexical features,
the acoustic/prosodic features and the relevance features.
Among them, the acoustic features were extracted from the
spoken documents using the Praat toolkit [52]. Interested
readers may refer to [32], [53] for detailed accounts on the
characteristics of these features and comparisons among them.
Also noteworthy is that, for each kind of acoustic/prosodic
features, the minimum, maximum, difference and mean value
of a spoken sentence are extracted. The difference value is
defined as the difference between the minimum and maximum
values of the spoken sentence. All the 35 features are further
normalized to zero mean and unit variance:

(14)

where and are, respectively, the mean and standard
deviation of a feature estimated from the training set (cf.
Section VI-A).

D. Subword-level Index Units

In an effort to alleviate summarization performance degrada-
tion caused by imperfect speech recognition, we additionally in-
vestigate different levels of index features for use in conjunction
with the various summarization models compared in this paper,
including words, syllable-level units and their combination. To
do this, syllable pairs are taken as the basic units for indexing
besides words. The recognition transcript of each spoken doc-
ument, in form of a word stream, was automatically converted
into a stream of overlapping syllable pairs. Then, all the dis-
tinct syllable pairs occurring in the spoken document collection
were then identified to form a vocabulary of syllable pairs for
indexing. We can simply use syllable pairs, in replace of words,
to represent the spoken documents and sentences, and subse-
quently construct the associated summarization models of dis-
parate methods based on such representations.

Furthermore, it is well acknowledged that word-level index
features possess more semantic information than subword-level
features; hence, word-based summarization would enhance pre-
cision. On the other hand, subword-level index features behave
more robustly against the homophone ambiguity, open vocab-
ulary problem, and speech recognition errors; hence, subword-
based summarization might enhance recall. Accordingly, there
is good reason to fuse the information obtained from indexing
the features of different levels [54], [55].

VII. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Baseline Experiments

In the first place, we assess the feasibility and effectiveness
of the baseline LM-based summarization method (i.e., KLM)
for use in extractive speech summarization by comparing it
with several well-practiced or/and state-of-the-art unsupervised
summarization methods, including the vector-space methods
(i.e., VSM and LSA), the MMR method, the graph-based
methods (i.e., MRW and LexRank), the integer linear program-
ming method (i.e., ILP) and the submodularity-based method.
The corresponding summarization results of these unsupervised
methods are shown in Table IV, where TD denotes the results
obtained based on the manual transcripts of spoken docu-
ments and SD denotes the results using the speech recognition
transcripts that may contain speech recognition errors. From
now on, unless otherwise stated, we assume that all sentence
boundaries are correctly (manually) determined for both the
TD and SD cases. Note also that the corresponding results of
the LEAD-based method [14], which simply extracts the first
few sentences from a spoken document as the summary, are
also listed in Table IV for comparison.
Several noteworthy observations can be drawn from

Table IV. First of all, the two graph-based methods (i.e.,
MRW and LexRank) are quite competitive with each other
and perform better than the two vector-space methods (i.e.,
VSM, LSA) for the TD case. However, for the results of the
SD case, the situation is reversed. It reveals that imperfect
speech recognition may adversely affect the performance of the
graph-based methods in contrast with the vector-space methods.
One possible reason for such a phenomenon is that the speech
recognition errors may lead to inaccurate similarity measures
for some pairs of sentences of the spoken document to be
summarized. The PageRank-like procedure of the graph-based
methods, in turn, will be performed based on these problematic
measures, potentially leading to disastrous results. Second,
LSA, representing the sentences of a spoken document to be
summarized and the document itself in the latent semantic space
instead of the index term (word) space, can perform slightly
better than VSM in both the TD and SD cases. Furthermore, as
might be expected, MMR that is designed as an extension of
VSM by allowing the resulting summary to cover more topics
can drive up the performance of VSM and works on par with
LSA. Third, the ILP method turns out to be the best-performing
one as compared to all the other conventional unsupervised
summarization methods compared here for the TD case, but
only offers mediocre performance for the SD case. In addition,
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TABLE IV
SUMMARIZATION RESULTS ACHIEVED BY THE BASELINE KLM METHOD AND SEVERAL WIDELY-USED UNSUPERVISED METHODS

TABLE V
SUMMARIZATION RESULTS ACHIEVED BY THE KLM METHOD IN CONJUNCTION WITH VARIOUS SENTENCE MODELING FORMULATIONS

the submodularity-based method shows the second-best perfor-
mance among these unsupervised summarization methods. It
should be noted that the MMR principle has been considered in
the objective function of ILP and submodularity-based methods
for redundant removal. Fourth, it is evident that KLM shows
competitive results when compared to the other well-practiced
and/or state-of-the-art unsupervised methods, confirming the
applicability of the language modeling framework for speech
summarization. Apart from the observations mentioned above,
there is a sizable gap between the TD and SD cases, indicating
room for further improvements: we may seek remedies, such as
multi-level indexing techniques (beyond merely using words as
index terms), to compensate for imperfect speech recognition
[28], [46], [52]. We will defer the discussion on this issue to
Section VII-E.

B. Experiments on Relevance Modeling
We now turn our attention to evaluating the utility of rele-

vance modeling for an enhanced sentence representation in the
KLM-based summarization method. Three instantiations of rel-
evance modeling (i.e., RM, TRM andWRM; cf. Section IV) are
examined; their corresponding results (denoted by KLM+RM,
KLM+TRM and KLM+WRM, respectively) are shown in
Table V. As can be seen, the additional use of relevance in-
formation can significantly boost the performance of KLM for
most cases, which confirms the advantage of using various
relevance cues for sentence modeling in speech summarization.
In particular, RM and WRM are quite competitive with each
other, both leading to an absolute improvement of more than
3% over the baseline KLM method for the TD case and an
absolute improvement of more than 2% over the baseline KLM
method for the SD case (across all the three variants of the
ROUGE metric). However, in contrast to RM, WRM has the
attractive property of enhancing the sentence models without
resorting to an additional IR procedure. On the other hand, we

find that the incorporation of topical cues (KLM+TRM) can
further improve the summarization performance for the TD
case; however, it does not seem to offer additional gains for the
SD case.
To go a step further, we evaluate the performance levels

of KLM+RM (taking the ROUGE-2 metric for illustration)
with respect to different numbers of the top-ranked feedback
documents being used for estimating its sentence (component)
models, as shown in Figure 1. Consulting Fig. 1, we notice that
the summarization performance of RM seems to be insensitive
to the number of feedback documents being used. We might
attribute this phenomenon to the ability of RM to explicitly and
dynamically render the co-occurrence relationship between an
entire sentence and a word to be predicted in each feedback
document (cf. (6)). In other words, the extraction of relevance
information from feedback documents to some extent is guided
by the sentence of interest, thereby minimizing the risk of RM
not being able to appropriately model the sentence , which
would be probably caused by the misuse of some distracting (or
irrelevant) feedback documents. In addition, we also analyze
the effects of altering the topic number (e.g., 32, 64 and 128)
being used for TRM and the window size (e.g., 5, 11 and 21)
for estimating WRM on the summarization performance. The
corresponding results for KLM+TRM and KLM+WRM are
shown in Tables VI and VII, respectively. Looking at Table VI,
we find that the summarization performance of the KLM+TRM
method would be gradually improved with the increase of the
topic number (with no indication of a plateau); however, this
gain comes at the expense of higher model complexity. Another
interesting observation drawn from Table VII is that increasing
the window size employed by the KLM+WRM method will
not always lead to substantial performance improvements. One
possible explanation is that WRM trained with a larger window
size will lead to a semantic drift, since words occurring far from
the locations of the sentence word of interest in the training
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TABLE VI
SUMMARIZATION RESULTS ACHIEVED BY THE KLM+TRM METHOD WITH RESPECT TO DIFFERENT TOPIC NUMBERS BEING USED

TABLE VII
SUMMARIZATION RESULTS ACHIEVED BY THE KLM+WRM METHOD WITH RESPECT TO DIFFERENT WINDOW SIZES BEING USED

TABLE VIII
SUMMARIZATION RESULTS ACHIEVED BY THE CLARITY MEASURE COMBINED WITH THE KLM METHOD USING VARIOUS SENTENCE MODELING FORMULATIONS

Fig. 1. The summarization results (in ROUGE-2) of KLM+RM with respect
to different numbers of the top-ranked documents being used for estimating the
sentence (component) models.

corpus tend to have little correlation with the sentence word,
but instead would be detrimental for WRM training.

C. Experiments on Using the Clarity Measure
In the third set of experiments, we evaluate the perfor-

mance merits of using the sentence-level clarity measure in
conjunction with various formulations of KLM (i.e., KLM,
KLM+RM, KLM+WRM and KLM+TRM) for important
sentence selection. The corresponding results are shown in
Table VIII (denoted by KLM+Clarity, KLM+RM+Clarity,
KLM+WRM+Clarity and KLM+TRM+Clarity, respectively).
As can be seen, when combining the sentence-level clarity
measure, respectively, with the four formulations stemming
from KLM, the summarization performance in the TD case
shows spectacular improvements, while the improvements in
the SD case are slightly less pronounced. As an illustration,
with the aid of the sentence-level clarity measure, the absolute
improvements (in terms of ROUGE-2) for KLM, KLM+RM,

KLM+WRM and KLM+TRM in the TD case are 3.7%, 3.8%,
3.3% and 1.1%, respectively, as compared to using each of
them in isolation. Furthermore, the absolute improvements
for these four methods in the SD case are 5.1%, 2.7%, 1.5%
and 1.5%, respectively. It should be mentioned that the im-
provements (in terms of ROUGE-2) through the combinations
of the sentence-level clarity measure with KLM, KLM+RM
and KLM+WRM, respectively, in the TD case, and with KLM
and KLM+RM in the SD case, are statistically significant (

).

D. Experiments on Using a Supervised Summarization Method
In the fourth set of experiments, we compare the variants

of the KLM-based summarization method mentioned above
with SVM; SVM is arguably one of the state-of-the-art super-
vised methods for extractive speech summarization [3], [4].
In this paper, SVM was trained with the spoken documents
of the development set along with their handcrafted reference
summaries, where each sentence of a document was char-
acterized with a set of 35 indicative features (cf. Table III)
that are categorized into three types, i.e., the lexical features
(Lex), the acoustic features (Aco) and the relevance features
(Rel). Note also that, when performing summarization with
the manual transcripts (i.e., for the TD case), the acoustic
features were obtained with the Praat toolkit after aligning the
manual transcripts to their spoken documents counterpart (i.e.,
audio files) by performing word-level forced alignment. The
corresponding results of SVM using all of the three types of
features are shown in Table IX (denoted by SVM(All)), where
the results of SVM using each individual type of features alone
are also listed for reference. Comparing these results of SVM
with those of the variants of KLM (cf. Tables V and VIII),
we observe that although KLM and its variants in essence
are unsupervised methods that merely use cues obtained from
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TABLE IX
SUMMARIZATION RESULTS ACHIEVED BY SVM AND ITS INTEGRATION WITH KLM

TABLE X
SUMMARIZATION RESULTS FOR THE SD CASE ACHIEVED BY SOME TOP-PERFORMING METHODS IN CONJUNCTION WITH WORD-LEVEL INDEX FEATURES

the word occurrence or co-occurrence statistics for important
sentence selection, they can perform on par with or even better
than SVM that utilizes handcrafted summaries and a rich set of
features for model training.
In addition, we study two different ways to integrate SVM

and KLM (specifically, the KLM+RM+Clairty formulation) for
better summarization performance. One is to perform a simple
log-linear combination of the ranking scores of SVM and KLM
for each sentence (denoted by SVM(All)+KLM). The other
is to take the ranking score of KLM for each sentence as an
additional indicative feature, leading to an augmented set of
36 features in total, for use in the model of SVM (denoted
by SVM(All+KLM)). As the results shown in the last two
rows of Table IX, these two integration attempts can yield
consistent improvements over that using either SVM or KLM
in isolation with respect to all the three ROUGE metrics, while
the former attempt tends to work slightly better than the latter
one. It is worth to mention that in our experiments, similar
performance trends with respect to the integration of SVM and
KLM had been ever observed when the KLM+WRM+Clairty
formulation or the KLM+TRM+Clairty formulation was used
in place of the KLM+RM+Clairty formulation. As an aside, we
are currently looking for effective integration of the variants of
the KLM-based method and other state-of-the-art unsupervised
methods that can jointly consider the issues of topic coverage
and redundancy removal during the summarization processing,
including MMR and ILP, among others. Although our prelimi-
nary experiments reveal promising evidence of such integration
attempts, further extensive experiments and in-depth analyses,
however, might be still needed to understand them better.

E. Fusion of Different Levels of Index Features

In the final set of experiments, we explore how the word- and
syllable-level index features complement each other in repre-

senting spoken documents. One thing to note here is that, in ad-
dition to manually-determined sentence boundary information,
we also investigate conducting summarization on top of ASR-
generated (automatically-determined) sentence boundary infor-
mation. As for the latter, the number of sentences in a spoken
document was simply determined based on the pause informa-
tion provided ASR (a pause with duration of more than 0.5
second was regarded as a sentence boundary).
The corresponding results for the SD case, achieved by

some top-performing summarization methods in conjunction
with word- and syllable-level index features, as well as their
combination (i.e., a linear combination of the ranking scores
obtained, respectively, based on the word- and syllable-level
index features for each sentence), are shown in Tables X,
XI and XII, respectively. The results shown in the left part
of Table X are adopted directly from the corresponding ones
shown in Tables IV, V and VIII. There are several noteworthy
points can be drawn. First, the results for the various summa-
rization methods, in general, have consistent trends with that
of the previous sets of experiments. Our proposed methods
continue to demonstrate performance quite competitive to
the state-of-the-art methods. Second, the subword-level (syl-
lable-level) index features seem to show comparable or even
better performance than the word-level index features when
being used for performing summarization with imperfect (er-
roneous) speech recognition transcripts (i.e., for the SD case).
Third, not surprisingly, compared to the results of using either
the word- or syllable-level index features in isolation, fusion of
these two levels of index features inherits their advantages, and,
in turn, can achieve slightly better performance. It, therefore,
implies that fusion of different levels of index features holds
promise for speech summarization, in concert with either the
existing state-of-the-art methods or our proposed methods.
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TABLE XI
SUMMARIZATION RESULTS FOR THE SD CASE ACHIEVED BY SOME TOP-PERFORMING METHODS IN CONJUNCTION WITH SYLLABLE-LEVEL INDEX FEATURES

TABLE XII
SUMMARIZATION RESULTS FOR THE SD CASE ACHIEVED BY SOME TOP-PERFORMING METHODS IN

CONJUNCTION WITH BOTH WORD- AND SYLLABLE-LEVEL INDEX FEATURES

Finally, the use of incorrect (or automatically-determined)
sentence boundary information compounds the summarization
performance degradation already caused by erroneous speech
recognition transcripts. How sentence boundaries can be auto-
matically and accurately determined, though not the primary
focus of our investigation in this paper, remains a critical
issue for the speech summarization research and awaits further
study [3], [55].

VIII. CONCLUSION AND OUTLOOK

In this paper, we have investigated several novel sentence
modeling formulations that can work in concert with pseudo-
relevance feedback to improve the performance of the KLM-
based summarization method. Furthermore, the sentence-level
clarity measure has been proposed to work in conjunction with
KLM for further improving the speech summarization perfor-
mance. Experimental evidence supports that the various for-
mulations instantiated from our modeling framework are quite
comparable or better to a few existing well-practices and/or
state-of-the-art methods for extractive speech summarization. In
addition, the sentence-level clarity measure indeed can benefit
speech summarization significantly. As to future work, we plan
to investigate jointly integrating word and sentence proximity,
as well as other different kinds of relevance and lexical/semantic
information cues, into the process of feedback document selec-
tion so as to improve the empirical effectiveness of sentence
modeling in KLM. We are also interested in investigating more
robust indexing techniques to represent spoken documents. In
addition, we intend to further adopt and formalize the proposed
LM methods for large vocabulary continuous speech recogni-
tion and spoken document retrieval.
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