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Abstract—Extractive text or speech summarization manages to
select a set of salient sentences from an original document and
concatenate them to form a summary, enabling users to better
browse through and understand the content of the document. A re-
cent stream of research on extractive summarization is to employ
the language modeling (LM) approach for important sentence
selection, which has proven to be effective for performing speech
summarization in an unsupervised fashion. However, one of the
major challenges facing the LM approach is how to formulate
the sentence models and accurately estimate their parameters for
each sentence in the document to be summarized. In view of this,
our work in this paper explores a novel use of recurrent neural
network language modeling (RNNLM) framework for extractive
broadcast news summarization. On top of such a framework,
the deduced sentence models are able to render not only word
usage cues but also long-span structural information of word
co-occurrence relationships within broadcast news documents,
getting around the need for the strict bag-of-words assumption.
Furthermore, different model complexities and combinations are
extensively analyzed and compared. Experimental results demon-
strate the performance merits of our summarization methods
when compared to several well-studied state-of-the-art unsuper-
vised methods.

Index Terms—Language modeling, long-span structural infor-
mation, recurrent neural network, speech summarization.

I. INTRODUCTION

A LONG with the growing popularity of Internet applica-
tions, ever-increasing volumes of multimedia, such as

broadcast radio and television programs, lecture recordings,
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digital archives, among others, are continuously growing and
made available to our everyday life [1]–[3]. Obviously, speech
is one of the most important sources of information about
multimedia. Users can listen to and digest multimedia associ-
ated with spoken documents efficiently by virtue of extractive
speech summarization, which selects a set of indicative sen-
tences from an original spoken document according to a target
summarization ratio and concatenates them together to form
a summary accordingly [4]–[7]. The wide array of extractive
speech summarization methods that have been developed so far
may roughly fall into three main categories [4]–[7]: 1) methods
simply based on sentence position or structure information,
2) methods based on unsupervised sentence ranking, and
3) methods based on supervised sentence classification.
For the first category, the important sentences can be selected

from some salient parts of a spoken document [8]. For instance,
sentences can be selected from the introductory and/or con-
cluding parts of a spoken document. However, such methods
can be only applied to some specific domains with limited
document structures. On the other hand, unsupervised sentence
ranking methods attempt to select important sentences based
on statistical features of spoken sentences or of the words in the
sentences with less (or even no) human labor involvement. Sta-
tistical features, for example, can be the term (word) frequency,
linguistic score and recognition confidence measure, as well as
the prosodic information. The associated unsupervised methods
based on these features have gained much attention of research.
Among them, the vector space model (VSM) [9], the latent
semantic analysis (LSA) method [9], the Markov random walk
(MRW) method [10], the maximummarginal relevance (MMR)
method [11], the sentence significant score method [12], the
LexRank [13], the submodularity-based method [14], and the
integer linear programming (ILP) method [15] are arguably the
most popular methods for extractive speech summarization.
Apart from that, a number of classification-based methods
using various kinds of representative features also have been
investigated, such as the Gaussian mixture models (GMM) [9],
the Bayesian classifier (BC) [16], the support vector machine
(SVM) [17] and the conditional random fields (CRFs) [18], to
name just a few. In these methods, important sentence selection
is usually formulated as a binary classification problem. A
sentence can either be included in a summary or not. These clas-
sification-based methods need a set of training documents along
with their corresponding handcrafted summaries (or labeled
data) for training the classifiers (or summarizers). However,
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manual annotation is expensive in terms of time and personnel.
Even if the performance of unsupervised summarizers is not
always comparable to that of supervised summarizers, their
easy-to-implement and flexible property (i.e., they can be
readily adapted and carried over to summarization tasks per-
taining to different languages, genres or domains) still makes
them attractive. Interested readers may also refer to [4]–[7] for
comprehensive and enjoyable discussions of major methods
that have been successfully developed and applied to a wide
variety of text and speech summarization tasks.
As a departure from the aforementioned methods, an

emerging line of research is to employ the language modeling
(LM) approach for important sentence selection, which has
shown preliminary success for performing extractive speech
summarization in an unsupervised fashion [19]–[22]. However,
one of central challenges facing the LM approach is how to
formulate the sentence models and accurately estimate their
parameters for each sentence in the spoken document to be
summarized. We recently introduced a new perspective on this
problem of the existing LM-based methods [23], saying that
it can be approached with a framework building on the notion
of recurrent neural network language modeling (RNNLM),
which shows promise to render not only word usage cues but
also long-span structural information of word co-occurrence
relationships within spoken documents, getting around the need
for the strict bag-of-words assumption made by most of the ex-
isting LM-based methods. Our work in this paper continues this
general line of research, including exploring different model
complexities and combination strategies, as well as providing
more in-depth elucidations on the modeling characteristics
and the associated summarization performance of various
instantiated methods. Further, the utility of our RNNLM-based
methods is verified by extensive comparisons with several
state-of-the-art unsupervised summarization methods [4].
The remainder of this paper is organized as follows. We start

by reviewing previous studies on text or speech summarization
using various kinds of unsupervised summarization methods in
Section II. In Section III, we shed light on the basic mathemat-
ical formulations of the LM-based summarization approach and
the recurrent neural network language modeling framework we
explore in this paper. After that, the experimental settings and
a series of speech summarization experiments are presented in
Sections IV and V, respectively. Finally, Section VI concludes
this paper and discusses potential avenues for future work.

II. POPULAR UNSUPERVISED METHODS

The wide spectrum of unsupervised summarization methods
developed thus far may be further grouped into three sub-
categories: 1) the vector-space methods, 2) the graph-based
methods, and 3) the combinatorial optimization methods.

A. The Vector-Space Methods

The vector space model (VSM) and the latent semantic
analysis (LSA) are two best-known representatives of the
subcategory. VSM represents each sentence of a document
and the whole document, respectively, in a vector form, where
each dimension specifies the weighted statistics, for example

the product of the term frequency (TF) and inverse document
frequency (IDF), associated with an indexing term (or word)
in the sentence or document. Sentences with the highest rele-
vance scores (usually calculated by the cosine similarity of two
vectors) to the whole document are included in the summary
[9]. On the other hand, LSA projects the vector representation
of the sentence (and document) into a latent semantic space,
which is usually obtained by performing singular value decom-
position (SVD) [9] on a word-by-sentence matrix of a given
document. The ranking score of each sentence in the document
to be summarized, for example, can be calculated by using the
cosine similarity measure between the semantic vectors of the
sentence and the document represented in the LSA space. In
addition, the maximum marginal relevance method (MMR)
[11] can be viewed as an extension of VSM from the standpoint
that it also transforms each sentence (and document) into a
vector representation and the sentence selection is also based on
the cosine similarity measure. The primary distinction between
MMR and VSR lies in that MMR performs sentence selection
iteratively by simultaneously considering the criteria of topic
relevance and redundancy.
More recently, there has been a flurry of research on de-

veloping various word-to-vector (W2V) embedding methods
[24], [25], which can serve as important building blocks of
many interesting natural language processing applications,
including extractive text and speech summarization [26]. The
primary objective of these methods revolves around learning
fixed-length continuous distributed vector representations of
words from texts with neural networks, which not only can
capture semantic or syntactic cues, but also can be used to
induce similarity measures of words in context. In terms of
extractive text summarization, a composite vector representa-
tion for each document (or each sentence of the document) is
first obtained by, for example, averaging or concatenating the
vector representations of words occurring in it. Following that,
the relevance degree between any pair of the document to be
summarized and one of its sentences for summary sentence
selection can be determined by a relevance measure such as the
cosine similarity between the vector representations of them.

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. Document 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 [10].
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 [13]. Both MRW and LexRank in essence
are inspired from the well-known PageRank algorithm that is
widely adopted by most of today’s commercial search engines
on the Internet.
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C. The Combinatorial Optimization Methods

Among others, an interesting research direction is to frame
the extractive speech summarization task as a combinatorial
optimization problem, for which two widely studied and prac-
ticed methods are the submodularity-based method and the in-
teger linear programming (ILP) method. The submodularity-
based method views important sentence selection as a combi-
natorial optimization problem with a few objective functions
defined on the sentence graph. A reasonable property of dimin-
ishing returns, stemming from the field of economics, is em-
ployed for important sentence selection. Several polynomial-
time implementations have been proposed, with the intention to
solve the summarization problem near-optimally [14]. In con-
trast, the ILP method leverages integer linear programming to
deal with the constrained combinatorial optimization problem
pertaining to extractive speech summarization. More specifi-
cally, ILP method reformulates the extractive summarization
task as an optimization problem with a set of constrains, and
thereafter selects an optimal sentence combination by using in-
teger linear programming [15]. By doing so, ILP intends to se-
lect a preferred set of summary sentences that can retain the
most important 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. However, these algorithms are
not readily suited for large-scale problems, since they almost in-
variably involve a rather time-consuming process for important
sentence selection [27], [28].

D. Issues Specifically for Speech Summarization

Most of the above-mentioned methods 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 [4], [5], [12], [17]. Empirical evidence
has suggested that speech recognition errors seem to be the
predominant factor for the performance degradation of speech
summarization when using speech recognition transcripts
instead of manual transcripts, whereas erroneous sentence
boundaries cause relatively minor problems. To mitigate this
problem, a recent line of research on speech summarization
has been to explore different 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 [3], beyond the continued
and tremendous efforts made to improve speech recognition
accuracy [1]. Yet another school of thought has been dedicated
to estimating the relevance between a spoken document to be
summarized and its sentences, as well as the redundancy among
these sentences, based on some repeatedly occurring speech
patterns embedded in the acoustic signal of the document,
without recourse to a speech recognition system for generating
the corresponding speech recognition transcript [29], [30].
Furthermore, extra prosodic (acoustic) features, e.g., intona-
tion, pitch, formant, energy, 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 would be likely to be beneficial for
speech summarization especially when the speech recognition
accuracy is not perfect [4], [5], albeit that reliable and efficient
ways to use such features remain awaiting further investigation.

III. LANGUAGE MODELING BASED METHODS

Intuitively, extractive speech summarization could be cast as
an ad-hoc information retrieval (IR) problem, where a spoken
document to be summarized is taken as an information need and
each sentence of the document is regarded as a candidate infor-
mation unit to be retrieved according to its relevance (or im-
portance) to the information need. As such, the primary goal of
extractive speech summarization could be stated as the selection
of the most representative sentences that can succinctly describe
the main topics of the spoken document. In the recent past, the
LM-based approach has been introduced to a wide spectrum of
IR tasks with good empirical success [31], [32]; this modeling
approach has subsequently been applied to extractive speech
summarization recently [19]–[22].

A. Unigram Language Modeling

When applying the LM-based approach to extractive 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 expressed by

. Instead of calculating this probability directly, we can
apply the Bayes’ rule and rewrite it as follows [33], [34]:

(1)

where is the sentence generative probability, i.e.,
the likelihood of being generated by , is the prior
probability of the sentence being relevant, and is the
prior probability of the document . in Eq. (1) can be
eliminated because it is identical for all sentences and will
not affect the ranking of the sentences. Furthermore, because
the way to estimate the probability is still under active
study [19], is assumed to be uniformly distributed (or
identical) for all sentences, unless otherwise stated. In this way,
the sentences of a spoken document to be summarized can be
ranked by means of the probability instead of using
the probability : the higher the probability ,
the more representative is likely to be for . If the document

is expressed as a sequence of words, ,
where words are further assumed to be conditionally indepen-
dent 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 sentence
ranking problem has now been reduced to the problem of how
to accurately infer the probability distribution , i.e., the
corresponding sentence model for each sentence of the docu-
ment. The simplest way is to estimate a unigram languagemodel
(ULM) on the basis of the frequency of each distinct word
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Fig. 1. A schematic depiction of the fundamental network of RNNLM.

occurring in the sentence, with the maximum likelihood (ML)
criterion [31]:

(3)

where is the number of times that word occurs in
and is the length of . The ULM model can be further

smoothed by a background unigram language model estimated
from a large general collection to model the general properties
of the language as well as to avoid the problem of zero proba-
bility. It turns out that a sentence with more document words
occurring frequently in it would tend to have a higher proba-

bility of generating the document.

B. Recurrent Neural Network Language Modeling
While the bag-of-words assumption makes ULM a clean and

efficient method for sentence ranking, it is an oversimplification
of the problem of extractive speech summarization. Intuitively,
long-span context dependence (or word proximity) cues might
provide an additional indication of the semantic-relatedness of
a given sentence with regard to the document to be summarized.
Although a number of studies had been done on extending ULM
to further capture local context dependence simply based on
-grams of various orders (e.g., bigrams or trigram), most of

them resulted in mild gains or mixed results [19]. This is due
in large part to the fact that a sentence usually consists of only
a few words and the complexity of the -gram model increases
exponentially with the order , making it difficult to obtain re-
liable probability estimates with the ML criterion.
In view of such phenomena, we explore in this paper a

novel recurrent neural network language modeling (RNNLM)
framework for the formulation of the sentence models in-
volved in the LM-based summarization approach. RNNLM
has recently emerged as a promising modeling framework that
can effectively and efficiently render the long-span context
relationships among words (or more precisely, the dependence
between an upcoming word and its whole history) for use in
speech recognition [35], [36]. The fundamental network of
RMMLM is schematically depicted in Fig. 1, which consists of
three main ingredients: the input layer, the hidden layer and the
output layer. For each time index , the input vector is in

one-of- encoding, indicating the currently encountered word
, where the vector size is set equal to the number of distinct

vocabulary words; the hidden vector represents the statistical
cues encapsulated thus far in the network for the history (i.e.,
all preceding words) of ; and the output layer vector stores
the predicted likelihood values for each possible succeeding
word (or word class) of . An attractive aspect of RNNLM is
that the statistical cues of previously encountered word retained
in the hidden layer, i.e., , can be fed back to the input layer
and work in combination with the currently encountered word

as an “augmented” input vector for predicting an arbitrary
succeeding word . By doing so, RNNLM can naturally
take into account not only word usage cues but also long-span
structural information of word co-occurrence relationships for
language modeling. A bit of terminology: the augmented input
vector , the hidden vector and the output vector are,
respectively, represented or computed as follows [35], [36]

(4)
(5)
(6)

where and are pre-defined sigmoid activation functions
and softmax functions, respectively. Finally, the model param-
eters (i.e., and ) of RNNLM can be derived by maximizing
the likelihood of the training corpus using the back-propagation
through time (BPTT) algorithm [37]–[39] that virtually unfolds
the feedback loop of RNNLM making its model structure bear
a close resemblance to the family of so-called deep neural net-
works [40] and thereby learn to remember word usage informa-
tion for several time steps that is packed into the hidden layer
of RNNLM [41].
As the notion of RNNLM is adopted and formalized for

sentence modeling in extractive speech summarization, we de-
vise a hierarchical training strategy to obtain the corresponding
RNNLM model for each sentence of a spoken document to be
summarized, which proceeds in three stages:
1) First of all, a document-level RNNLMmodel is trained for

each document to be summarized by using the document it-
self as the training data. The resulting RNNLMmodel will
memorize not only word usage but also long-span word de-
pendence cues inherent in the document.

2) After that, for each sentence of the spoken document
to be summarized, the corresponding sentence-specific
RNNLM model is trained, starting from the docu-
ment-level RNNLM model obtained in Stage 1 and
using the sentence itself as the adaptation data for model
training. That is, the parameters of RNNLM are optimized
by maximize the likelihood of the sentence.

3) Consequently, the resulting sentence-specific RNNLM
model can be used in place of, or to complement, the
original sentence model (i.e., ULM). The RNNLM-based
sentence generative probability for use in sentence ranking
can be computed by

(7)

A schematic illustration of the proposed RNNLM-based sum-
marization framework is depicted in Fig. 2, while a highlight
of the corresponding model training and important sentence
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Fig. 2. A sketch of the proposed RNNLM summarization framework.

ranking procedures is given in Table I. In the following, we
elaborate on some important steps involved in Table I. 1) In
the initial phase, a desired number of the hidden layer neu-
rons of each RNNLM and a set of documents to be
summarized, where each document in contains
sentences (each of which is represented by ), are given.
2) Then, in the training phase, since the architecture of the
prototype RNNLM model is a three-layer neural network,
there are two sets of parameters (i.e., and ) for each
document to be summarized, which are estimated using
the back-propagation through time (BPTT) algorithm (cf.
Line 3 in Table I). Following that, the model parameters of
the sentence-level RNNLM model (i.e., and )
for each sentence in is estimated starting from the
document-level model parameters (i.e., and ) of
obtained from previous step (cf. Line 6 in Table I). 3) Finally,
in the important sentence ranking phase, we can calculate
the document likelihood score offered by each sentence
based on the corresponding RNNLM model of (cf. Lines
10 and 11 in Table I) and in turn select important sentences of

according their the document likelihood scores (cf. Line
13 in Table I). Interested readers may also refer to [42]–[44]
for more in-depth discussions on a number of efficient training
algorithms developed for RNNLM.
The training strategy described above can also be viewed as

an instantiation of curriculum learning [45], [46], which seeks
to apply a specific and well-planned ordering of the training data
for estimating machine-learning models (such as neural net-
works) to be better suited for a target application. However, as
far as we are aware, there is still not much research on leveraging
RNNLM along with the aforementioned curriculum-learning
strategy for extractive speech summarization. In this paper, we
also make a step further by analyzing and comparing the ef-
fectiveness of the RNNLM-based summarization methods with
other well-practiced state-of-the-art methods thoroughly.
Also worth mentioning is that there has been an alternative re-

alization of the LM approach to extractive summarization that
exploits the KL-divergence to measure, for example, the dis-
crepancy of the word (unigram) distribution in a candidate sen-
tence and that in the original document for important (summary)
sentence ranking [20], [22].With some algebraic manipulations,
it is easy to show that the effect of the KL-divergence for im-
portant sentence ranking is negatively equivalent to the docu-
ment likelihood (document unigram probability) generated by
the sentence (i.e., the ULM method), once the doc-
ument model is estimated merely on the basis of the empir-
ical frequency of words in the document. However, it seems to

TABLE I
TRAINING OF RNNLM-BASED SENTENCE MODELS AND THE APPLICATION OF

THEM FOR IMPORTANT SENTENCE RANKING

be more straightforward to extend ULM with higher-order lan-
guage modeling strategies, such as leveraging RNNLM to mea-
suring the relatedness between the document to be summarized
and each of its sentences.

IV. EXPERIMENTS SETUP

A. Speech and Language Corpora
The summarization dataset employed in this study is a Man-

darin Chinese broadcast news corpus collected by the Academia
Sinica and the Public Television Service Foundation 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. A subset of 205 broadcast news
documents compiled between November 2001 and August 2002
was reserved for the summarization experiments. 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 position
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TABLE II
THE STATISTICAL INFORMATION OF THE BROADCAST NEWS

DOCUMENTS USED FOR THE SUMMARIZATION

of sentences), as the held-out test set to evaluate the general per-
formance of the proposed summarization framework, while an-
other subset of 100 documents the held-out development set for
tuning 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. Then, the acoustic models were further optimized
by the minimum phone error (MPE) discriminative training
algorithm [48]. Table II 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% [49]. A large number of
text news documents collected by the Central News Agency
(CNA) between 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].

B. Performance Evaluation
Three subjects were asked to create extractive summaries of

the 205 spoken documents for the summarization experiments
as references (the gold standard) for evaluation. The reference
summaries were generated by ranking the sentences in the
manual transcript of a spoken document by importance without
assigning a score to each sentence. For the assessment of sum-
marization performance, we adopted the widely-used ROUGE
metrics [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 the
automatic summary and a set of reference summaries. Three
variants of the ROUGE metrics were used to quantify the
utility of the proposed methods. They are, respectively, the
ROUGE-1 (unigram) metric, the ROUGE-2 (bigram) metric
and the ROUGE-L (longest common subsequence) metric [51].
The summarization ratio, defined as the ratio of the number of

words in the automatic (or manual) summary to that in the ref-
erence transcript of a spoken document, was set to 10% in this
research, unless otherwise stated. Since increasing the summary
length tends to increase the chance of getting higher scores in the
recall rate of the various ROUGE metrics and might not always
select the right number of informative words in the automatic

TABLE III
THE AGREEMENT AMONG THE SUBJECTS FOR IMPORTANT

SENTENCE RANKING FOR THE EVALUATION SET

summary as compared to the reference summary, all the experi-
mental results reported hereafter are obtained by calculating the
F-scores of these ROUGE metrics. Table III shows the levels of
agreement (the Kappa statistic and ROUGE metrics) between
the three subjects for important sentence ranking. Each of these
values was obtained by using the extractive 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 observa-
tions seem to reflect the fact that people may not always agree
with each other in selecting the summary sentences for a given
document.

V. EXPERIMENTAL RESULTS

A. Baseline Experiments
To begin, we report on the performance level of the baseline

LM-based summarization method (i.e., ULM) for extractive
speech summarization by comparing it with several well-prac-
ticed or/and state-of-the-art unsupervised summarization
methods, including the vector-space methods (i.e., VSM, LSA,
MMR, and W2 V), the graph-based methods (i.e., MRW and
LexRank) and the combinational optimization methods (Sub-
modularity and ILP). The corresponding summarization results
of these unsupervised methods are illustrated in Table IV, where
TD denotes the results obtained based on the manual transcripts
of spoken documents and SD denotes the results using the
speech recognition transcripts that may contain speech recogni-
tion errors. Several noteworthy observations can be drawn from
Table IV. First, the two graph-based methods (i.e., MRW and
LexRank) are quite competitive with each other and perform
better than the various vector-space methods (i.e., VSM, LSA,
MMR, and W2 V) 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 as compared to vector-space methods;
a possible reason for such a phenomenon is that the speech
recognition errors may lead to inaccurate similarity measures
between each pair of sentences. The PageRank-like procedure
of the graph-based methods [32], in turn, will be performed
based on these problematic measures, potentially leading to
common results. Second, LSA and W2 V, representing the
sentences of a spoken document to be summarized and the
document itself in a low-dimensional continuous space instead
of the index term (word) space, can perform slightly better than
VSM in both of the TD and SD cases. Third, the Submodularity
and ILP achieve the best results in the TD case, while the latter
outperforms the former by a considerable margin. However,
the superiority of these two methods seems to diminish for the
SD case, again probably due to the effect of speech recognition
errors. Fourth, the ULMmethod shows results that are competi-
tive to those obtained by the other state-of-the-art unsupervised
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TABLE IV
SUMMARIZATION RESULTS ACHIEVED BY A FEW WELL-STUDIED OR/AND STATE-OF-THE-ART UNSUPERVISED METHODS

TABLE V
SUMMARIZATION RESULTS ACHIEVED BY VARIOUS LM-BASED METHODS, INCLUDING ULM, BLM, PLSA, PLSA+ULM, RNNLM AND RNNLM+ULM

methods compared in this paper, which indeed justifies the
viability of applying the language modeling approach for
speech summarization. Lastly, there is a sizable performance
gap between the TD and SD cases for all the above methods,
indicating room for further improvements.

B. Experiments on Higher-order N-gram and Topic Language
Modeling

In the second set of experiments, we first investigate a simple
extension of the ULM method by using a bigram language
model smoothed with a unigram language model to represent
each sentence involved in a document to be summarized (de-
noted by BLM hereafter). As elaborated before (cf. Section III),
the weakness of the ULM method lies in that it follows the
strict bag-of-words assumption (an oversimplification) without
considering the word regularity or proximity information
within spoken documents. The corresponding summarization
results achieved by the BLM method are depicted in Table V.
To our surprise, the integration of bigram and unigram cues
together (i.e., BLM) for sentence modeling only arrives at the
same performance level as that using the unigram information
alone (i.e., ULM) for both the TD and SD cases. A reasonable
explanation is that the estimation of the bigram language model
for each sentence inevitably suffers from a more serious data
sparseness problem than the unigram model, since its number
of model parameters would be at most the square of that of
the latter. As a side note, we have also experimented on using
a trigram language model, smoothed with both unigram and
bigram language models, to represent each spoken sentence;
however, it delivered almost negligible improvements over the
ULM and BLM methods.

Instead of constructing the sentence models based on literal
term information (such as the statistics of word unigrams or bi-
grams), we also exploit probabilistic topic models to represent
sentences through a latent topic space. For example, each sen-
tence of a spoken document to be summarized is interpreted as
a probabilistic latent semantic analysis (PLSA) model [31] con-
sisting of a set of shared latent topics { }
with sentence-specific topic weights , while each topic
offers a unigram (multinomial) distribution for ob-
serving an arbitrary word of the vocabulary:

(8)

where the probability can be estimated beforehand
based on a large set of text or speech documents, while the prob-
ability of each sentence can be estimated on-the-fly
during the summarization process using the expectation-maxi-
mization (EM) algorithm [31]. The resulting sentence-specific
PLSA model can be used in isolation (denoted by PLSA), or in
linear combination with the unigram language model (denoted
by PLSA+ULM), to compute the sentence generative proba-
bility for important sentence selection. As indicated in Table V,
PLSA alone cannot match the performance of ULM, largely be-
cause PLSA only offers coarse-grained concept clues about the
sentences at the expense of losing discriminative power among
concept-related words in finer granularity. On the other hand,
the combination of PLSA with ULM (PLSA+ULM) can lead to
noticeable improvements as compared to that using either PLSA
or ULM alone.

C. Experiments on the Proposed RNNLM Summarizer
In the third set of our experiments, we evaluate the effec-

tiveness of the proposed RNNLM method for extractive speech
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Fig. 3. Summarization results (in ROUGE-2) for each individual document represented with either the manual or speech transcript) in the test set, respectively,
achieved by ULM and RNNLM+ULM.

summarization. The deduced sentence-specific RNNLM model
can be used in isolation (denoted by RNNLM), or linearly
combined with the unigram language model (denoted by
RNNLM+ULM), to compute the sentence generative proba-
bility; the corresponding results are shown in Table V as well.
In order to verify the utility of RNNLM and RNNLM+ULM
in capturing long-distance word co-occurrence relationships
(especially when compared to the other LM-based methods),
we additionally include the summarization results evaluated
with the ROUGE-SU4 (skip-bigram with maximum gap length
of 4) metric in Table V [51]. ROUGE-SU4 is a frequently-used
metric for summarization performance evaluation, which
quantifies the degree of overlap between the reference and au-
tomatically generated summaries in terms of not only unigrams
but also distant skip-bigrams.
Comparing to the existing LM-based methods (i.e., ULM

BLM, PLSA and PLSA+ULM) or the subcategories of unsuper-
vised methods (cf. Table IV), we can find that RNNLM+ULM
consistently and significantly surpasses all the other models in
both the TD and SD cases; however, using RNNLM in isolation
only leads to improved results in the TD case. Furthermore, two
more particularities can be made when we look into the results
of Table V. On one hand, because RNNLM+ULM manages to
encapsulate not only word usage cues but also long-distance
word co-occurrence relationships for sentence modeling, it
seems to perform particularly well when the evaluation metrics
are based on counting the number of matched high-order word
co-occurrence counts between the reference and automatically
generated summaries, such as the ROUGE-2, ROUGE-L and
ROUGE-SU4 metrics. On the other hand, RNNLM and ULM
seem to be complementary of each other and indeed can con-
spire to obtain better sentence modeling. Furthermore, when
we compare RNNLM (or RNNLM+ULM) with BLM, the
experimental results demonstrate the obvious superiority of
RNNLM that might be attributed to two causes. One is that
RNNLM has the inherent advantage for capturing long-span
structure information in a natural but systematic way. The other
is that RNNLM can mitigate the data scarcity problem by im-
plicitly performing clustering of words aside their histories (or
preceding words) into a lower-dimensional continuous space,
which makes the language model prediction (or probability

calculation) based on such compact representations of words
aside their histories become more robust [52]. One thing to
note is that we have also tried to combine ULM, PLSA and
RNNLM together for achieving better summarization accuracy;
however, such an attempt only leads to roughly comparable
performance as RNNLM+ULM. It is thus believed that the
way to systemically combine these models is still a challenging
issue and needs further in-depth investigation and proper
experimentation. Fig. 3 depicts the summarization results (in
ROUGE-2) for each individual document (represented with
either manual or speech transcript) in the test set, achieved
by ULM and RNNLM+ULM. A closer look at these results
also reveals that RNNLM+ULM can indeed boost the perfor-
mance of ULM significantly for most of the test documents
that are more difficult to be summarized (for example, Doc-
uments 6, 13, 16 and 19 in the test set). In order to further
assess the quality of the automatically generated summaries
of our RNNLM-based methods and the other state-of-the-art
methods compared in this paper, we also take an additional
set of abstractive summaries written by the same three human
subjects as the ground truth for performance evaluation. For
this purpose, the human subjects were instructed to do human
summarization, respectively, by writing an abstract for each
document with a length (in words) being roughly 25% of the
original broadcast news story. The corresponding results are
shown in Table VII, which indicate that RNNLM+ULM can
provide consistent and significant gains over the other methods
as well, even though the reference summaries being used are
the human-generated abstractive summaries instead of the
human-generated extractive summaries.

D. More Empirical Analysis of the RNNLM Summarizer
To gain more insights into the merit of the RNNLM-based

summarization framework, we additionally conduct empirical
performance analysis on the RNNLM summarizer from three
different aspects. First, we assess the statistical significance of
the improvements that are delivered by RNNLM+ULM over
ULM with the Student’s paired -test, which confirms that
RNNLM+ULM indeed significantly outperforms ULM (with
the -values smaller than 0.005 for both the TD and SD cases).
Second, to further confirm such superiority of RNNLM+ULM
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TABLE VI
SUMMARIZATION RESULTS RESPECTIVELY ACHIEVED BY ULM AND RNNLM+ULM WITH RESPECT TO DIFFERENT SUMMARIZATION RATIOS

TABLE VII
SUMMARIZATION RESULTS ACHIEVED BY THE PROPOSED FRAMEWORK AND A FEW WELL-STUDIED OR/AND STATE-OF-THE-ART UNSUPERVISED METHODS,

WHICH WERE MEASURED BY USING THE ABSTRACTIVE SUMMARIES WRITTEN BY THE HUMAN SUBJECTS AS THE GROUND TRUTH

TABLE VIII
SUMMARIZATION RESULTS ACHIEVED BY RNNLM+ULM WITH RESPECT TO DIFFERENT NUMBERS OF HIDDEN-LAYER NEURONS BEING USED

over ULM, we also conduct speech summarization with dif-
ferent summarization ratios (i.e., 20% or 30%), in addition the
default setting of 10%; the corresponding results are shown in
Table VI. It is evident that RNNLM+ULM consistently leads to
marked improvements over ULM for summarization ratios of
20% and 30%, in terms of all the three ROUGE metrics; signif-
icance tests, again, indicate the statistical significance of such
improvements. Third, we turn to investigate the impact of the
model complexity of RNNLM (more specifically, the number
of hidden neurons being used) on the ultimate summarization
performance. As revealed by results shown in Table VIII, using
a small number of hidden neurons (i.e., 25 or 50) seems to be
adequate for the speech summarization task studied here. This
can be attributed to the fact that since each sentence of a spoken
document to be summarized usually consists of only a few
words, the RNNLM model of each sentence, which has smaller
complexity, tends to have more reliable estimation of its model
parameters. Nevertheless, the way to systemically determine
the optimal number of hidden-layer neurons of RNNLM for

each spoken document to be summarized remains an open
issue and needs further investigation. On the other hand, we
have also experimented on deepening the architecture of our
RNNLM model to be a four-layer network [42], which was
in turn used to couple with our proposed training strategy for
the modeling of each spoken sentence. Unfortunately, such a
deeper RNNLM architecture only yielded mixed summariza-
tion results as compared to the three-layer RNNLM architecture
we adopted in this paper.

E. Further Extensions on RNNLM Summarizer
A potential downside of our proposed RNNLM-based sum-

marization framework is that the resulting summarizer performs
important sentence ranking and selects the top-ranked sentences
to form a summary simply based on (in decreasing order of) the
relevance measure between a spoken document to be summa-
rized and each sentence in the document (namely, the likelihood
that the RNNLM+ULM (or RNNLM alone) model of each sen-
tence generates the document; cf. Eq. (7)), without taking into
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TABLE IX
SUMMARIZATION RESULTS ACHIEVED BY RNNLM+ULM, MMR, ILP AND THEIR COMBINATIONS

TABLE X
SUMMARIZATION RESULTS ACHIEVED BY ULM, RNNLM AND RNNLM+ULM IN CONJUNCTION WITH SYLLABLE-LEVEL INDEX FEATURES

account the relationships among sentences. However, it is gen-
erally expected that a desirable summary should not only in-
clude highly topic-relevant sentences as many as possible, but
at the same time try to reduce the redundancy among these
selected sentences as much as possible. To remedy this situa-
tion, we further explore to integrate the relevance measure pro-
vided by RNNLM+ULM into other state-of-the-art unsuper-
vised summarizers that simultaneously consider the issues of
topic coverage and redundancy removal during the summariza-
tion process. Here we take MMR [11] and ILP [15] as two ex-
amples for the purpose of exploration. For MMR, we use the
RNNLM+ULM based measure to replace the original cosine
similarity measure involved in the iterative selection process of
MMR (denoted by RNNLM+ULM+MMR). On the other hand,
for ILP, the RNNLM+ULM based measure is employed not
only to compute the importance (relevance) weights between
any pair of the document to be summarized and one of its sen-
tences, but also to estimate the redundancy degree involved in
the constrained combinational optimization process of ILP (de-
noted by RNNLM+ULM+ILP). Their corresponding results are
shown in Table IX. From these results, it is obvious that these
two simple integrated methods can bring substantial gains to
MMR and ILP, respectively, while they also considerably boost
the summarization performance of using RNNLM+ULM in iso-
lation, especially for the TD case. These results again corrobo-
rate the intuition that a good extractive summary should contain
relevant and diverse sentences that cover the main topics or as-
pects of an original spoken document.

F. RNNLM with Syllable-level Index Units
In an attempt to mitigate the summarization performance

degradation caused by imperfect speech recognition, we ex-
plore to make possible use of subword-level index units for
the proposed RNNLM-based methods. To do this, syllable
pairs are taken as the basic units for indexing instead of words.
The recognition transcript of each spoken document, in form
of a word stream, was automatically converted into a stream
of overlapping syllable pairs. Then, all the distinct syllable
pairs occurring in the spoken document collection were then
identified to form a vocabulary of syllable pairs for indexing.

We can thus use the syllable pairs (as a surrogate of words)
to represent the spoken documents and sentences, and sub-
sequently construct the associated summarization models of
disparate methods based on such representations. The cor-
responding results for both the TD and SD cases, achieved
by ULM, RNNLM and RNNLM+ULM in conjunction with
syllable-level index units, are shown in Table X. We may draw
attention to two observations here. First, the results, in general,
have consistent trends with the previous sets of experiments
where the documents are indexed with words (cf. Table V).
Second, the subword-level (syllable-level) index units seem
to show comparable or even better performance than the
word-level index units (cf. Table V) when being used with
the RNNLM-based methods for performing summarization
with imperfect speech recognition transcripts (i.e., for the SD
case). We conjecture this is because subword-level index units
work more robustly against speech recognition errors and
the out-of-vocabulary problem, thus likely leading to better
summarization performance.

G. Coupling RNNLM with Extra Acoustic Features
In the final set of experiments, we explore the potential of

extracting extra acoustic features inherent in spoken sentences
for use in summarization. To this end, we use a set of sixteen
indicative features crafted based on four commonly-used types
of acoustic values, as outlined in Table XI, to characterize a
spoken sentence. In implementation, the acoustic features were
extracted from the spoken sentences using the Praat toolkit
[53]. Interested readers may refer to [54], [55] for detailed ac-
counts on the characteristics of these features and comparisons
among them. Here SVM is chosen as the exemplar summarizer
to integrate these derived acoustic features (i.e., taking them as
the input that represents each sentence) for important spoken
sentence ranking. The corresponding model was trained be-
forehand with the development set in a supervised manner,
and the resulting SVM summarizer is denoted by SVM(AC)
hereafter. Furthermore, we also study to take the ranking
score of ULM, RNNLM and ULM+RNNLM implemented
with syllable-level index units, respectively, as an additional
indicative feature fed into SVM to represent each sentence
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TABLE XI
FOUR TYPES OF ACOUSTIC FEATURES USED TO

REPRESENT EACH SPOKEN SENTENCE

TABLE XII
SUMMARIZATION RESULTS ACHIEVED BY USING ACOUSTIC FEATURES IN

ISOLATION AND ITS COMBINATION WITH ULM, RNNLM AND ULM+RNNLM
BASED SENTENCE RANKING SCORES, RESPECTIVELY

(note that the score corresponds to the normalized document
likelihood in the logarithmic domain, predicted by the respec-
tive sentence generative model), leading to an augmented set
of seventeen features in total. The resulting SVM summarizers
are denoted by SVM AC+ULM , SVM AC+RNNLM), and
SVM AC+ULM+RNNLM), respectively. Table XII shows the
results of these summarizers for the SD case, fromwhich at least
two observations can be drawn. First, SVM(AC) exhibits supe-
rior performance over all the unsupervised summarizers com-
pared in this paper, except for ULM+RNNLM and its variants
(cf.Tables IV, V and IX). Unlike the unsupervised summarizers,
SVM(AC), however, requires human annotation in the training
phase. Second, SVM AC+ULM , SVM AC+RNNLM , and
SVM AC+ULM+RNNLM all yield better performance than
SVM(AC). Although SVM AC ULM+RNNLM stands
out in performance among these SVM-based summarizers,
to our surprise, it does not in general operate as effectively
as ULM+RNNLM and its variants (implemented with either
word- or syllable-level index units). This means that the way to
systemically combine the acoustic features with other indicative
features (especially those seemingly superior-performing ones)
for important spoken sentence selection remains a challenging
issue and needs further in-depth investigation and proper
experimentation.

VI. CONCLUSION AND OUTLOOK

In this paper, we have proposed a novel recurrent neural
network language modeling (RNNLM) framework for per-
forming speech summarization in an unsupervised manner.
We have elaborated on how the notion of RNNLM can be
crystallized so as to render both word usage cues and long-span
word co-occurrence relationships that are deemed beneficial for
speech summarization. Furthermore, the merits of the methods
originated from our framework have also been validated by
extensively comparisons with several state-of-the-art unsuper-
vised summarization methods. Our future research directions

include: 1) exploring the use of different kinds of prosodic,
lexical and semantic information cues that can be incorporated
into this framework so as to improve the empirical effectiveness
of the RNNLM-based summarization methods, 2) developing
robust indexing and confidence measuring techniques [56],
[57] that can work in tandem with our summarization methods,
and 3) integrating our summarization methods with other more
sophisticated summary sentence selection criteria that are more
closely coupled with the ultimate evaluation metrics of speech
summarization [33], [55].
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