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Abstract
This paper presents a novel sentence extraction framework that
takes into account the consecutiveness of important sentences
using a Support Vector Machine (SVM). Generally, most ex-
tractive summarizers do not take context information into ac-
count, but do take into account the redundancy over the entire
summarization. However, there must exist relationships among
the extracted sentences. Actually, we can observe these rela-
tionships as consecutiveness among the sentences. We deal with
this consecutiveness by using dynamic and difference features
to decide if a sentence needs to be extracted or not. Since impor-
tant sentences tend to be extracted consecutively, we just used
the decision made for the previous sentence as the dynamic fea-
ture. We used the differences between the current and previ-
ous feature values for the difference feature, since adjacent sen-
tences in a block of important ones should have similar feature
values to each other, where as, there should be a larger differ-
ence in the feature values between an important sentence and an
unimportant one. We also present a way to ensure that no redun-
dant summarization occurs. Experimental results on a Corpus
of Japanese classroom Lecture Contents (CJLC) showed that
the dynamic and difference features were complementary, and
our proposed method outperformed traditional methods, which
did not take context information into account.
Index Terms: automatic speech summarization, sentence ex-
traction, context information, support vector machine

1. Introduction
In the past decade, the amount of on-line academic lecture ma-
terials has increased, and the techniques used to transcribe the
audio tracks of those materials have been investigated [1, 2]. If
we can index and summarize the audio tracks with the transcrip-
tions, the materials would be much easier to reference. Thus,
there has been more focus put on studies on automatic speech
summarization than ever before [3, 4, 5, 6].

Zhu et al. [3] examined the role of disfluencies and the im-
pact of word error rate (WER) on the individual features for
summarization. Chen et al. [4] proposed a unified probabilistic
generative framework that combines sentence generative prob-
ability with sentence prior probability for sentence ranking. Ri-
cardo et al. [5] compared three methods for extractive sum-
marization of Portuguese broadcast news: feature-based, Latent
Semantic Analysis, and Maximal Marginal Relevance. In our
previous work [6], we proposed a Cue Phrase (CP) extraction
technique with Conditional Random Fields (CRF) for automatic
summarization.

Generally, summarization is conducted based on a sen-
tence extraction method such as [3, 4, 5, 6]. Although they
assumed the independence of sentences, there must be rela-
tionships among the extracted sentences. In [7], Kolluru et al.
pointed out that important sentences tend to be consecutively
extracted and they attempted to deal with this tendency by ex-

Table 1: Details of speech materials (Average of 8 lectures)

Duration No. of Sentences Target value of summarization
κ F ROUGE-4

67’55” 974 0.469 0.597 0.695

tracting the sentences adjacent to a seed sentence. Although
they just extracted the adjacent sentences around a seed one, the
summarizer used in this method was worse than the ones that
did not consider the context, but was better concerning the co-
herence. Maskey et al. [8] summarized speech using a Hidden
Markov Model (HMM) to take into account the context infor-
mation. The hidden states of the HMM represented whether a
sentence should be included in the summary or not. Their sum-
marizer was able to take into account the previous decisions.
They used only prosodic and structural information, whereas
the linguistic features are also quite informative for speech sum-
marization, even if recognition errors exist in the speech recog-
nition results [9].

We propose a novel sentence extraction method in this pa-
per that aims to capture the consecutiveness of important sen-
tences. To model the consecutiveness we use two features: dy-
namic and difference features. A dynamic feature is the previ-
ous decision of extraction and the difference feature is the dif-
ference between the current and previous feature values. Our
summarizer uses an SVM to incorporate the different kinds of
features [6]. We can find the best sequence of important sen-
tences that comprise a summary by using a dynamic program-
ming technique. We also present a way to reduce redundancy
from the entire summarization. Experimental results showed
that our proposed method outperforms conventional summa-
rization methods, which take into account no context informa-
tion.

2. Consecutiveness of important sentences
When human perform summarization by extracting sentences,
successive sentences tend to be extracted as important. In this
section, we describe our corpus and reference for automatic
summarization, and then we show the consecutiveness of im-
portant sentences extracted by humans on our corpus.

2.1. Corpus

For our experiments, we used eight lectures performed by four
professors in CJLC [10]. The lectures in the graduate course
are related to spoken language processing, multimodal inter-
face, pattern recognition, and natural language processing. Ta-
ble 1 shows the statistics details of the data. Each lecture was
about 70 minutes long and contained about 1,000 sentences. All
speech data were transcribed by humans and a SPOJUS ASR
system [11]. The recognition performances of the speech were
49.1% in word accuracy, and 55.8% in word correct.
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Table 2: Consecutiveness of important sentences
No. of Imporant Snt. No. of Isolated Important Snt. Mean Max

268.0 80.6 1.83 7.0

2.2. Reference for automatic summarization
Six speech research experts who understood the extremely high-
level content of the targeted graduate course conducted the im-
portant sentence extraction. All subjects were instructed to
mark the important sentences in the speech transcriptions as
“important” for 1/4 of the sentences of the entire speech (25%
rate of summary) in each lecture. In other words, every sentence
was classified as important or not. Here “sentence” is defined
as a portion between pauses longer than about 200msec. We
also prepared reference data called man3/6, which corresponds
to the sentences extracted by three or more subjects out of six
and reflects the consensus of the subjects. The target values
of the summarization shown in Table 1 are the averages of the
scores obtained from each subject and man3/5 (sentences ex-
tracted by three or more subjects out of all but the evaluated
subject), which have higher scores than the inter-subjects [12].

2.3. Consecutiveness of important sentences
Table 2 shows the consecutiveness of the important sentences
in the references. The averages number of the important sen-
tences and the isolated ones in a lecture were 268.0 and 80.6,
respectively, and the average number of sentences in a consec-
utively extracted part was 1.83. These results mean that 2/3 of
the important sentences were extracted with neighboring ones,
whereas 1/3 of the important sentences are isolated. Thus, if we
can model such a shallow consecutiveness, there is a possibility
that we can generate a more sophisticated summarization.

3. Baseline methods
3.1. Maximal Marginal Relevance
Maximal Marginal Relevance (MMR) is a method for combin-
ing document-relevance with information-novelty presented by
Carbonell et al. [13]. MMR criterion strives to reduce redun-
dancy while maintaining document relevance when selecting
appropriate sentences for text summarization. Although there
have been several implementations of MMR, we used the same
framework as used in [14], in which the MMR score SMMR

C (i)
for a given sentence Si in a document is given by

SC
MMR(i) =λ(Sim(Si, D)) − (1 − λ)(Sim(Si, Srk )) , (1)

where D is the average document vector, Srk is the average
vector from the set of sentences already extracted, and λ is a
factor which trades off between relevance and redundancy. Sim
represents a cosine similarity between two vectors. In our defi-
nition Si is defined as follows:

Si = tfi = (tfi,1, tfi,2, . . . , tfi,w) , (2)

tfi,w = fw · log(
fŵ

fw
) , (3)

where tfi is a vector of tfi,w, which means it is a modified
term frequency, and fw is a frequency of w in a document and
fŵ means the highest frequency in all words throughout the
document. We use MMR as a baseline.

3.2. Feature based extraction
In our previous work [6], we used a feature based summarizer
based on SVM that effectively incorporates different kinds of
features including linguistic and prosodic features.

3.2.1. Features

We use different kinds of features, such as linguistic and
prosodic features. Linguistic information is quite informative
not only for text summarization, but also for speech summariza-
tion. The linguistic features that we use are listed below, where
ChaSen [15] is used as a Japanese morphological analyzer.

Repeated words: We extracted sentences according to the rate
of summary that includes two or more frequent words,
i.e. “repeated words”, which are basically only nouns,
except for some fillers or stop words in a document. The
number of repeated words in each sentence is used as a
feature.

Words in slide texts: Class lectures are usually performed
using slides (e.g. Microsoft PowerPoint R©). Therefore,
words in slide texts and captions are available and may
be good cues. The sum of the appearance of such words
in a corresponding slide is also used as a feature.

Term Frequency (TF): The value by Equation (3) is used as
the TF. In the experiment, we only count the nouns, ex-
cept for the stop words and fillers.

CP-based: Our previous work [6] shows that Cue Phrases
(CP) based on a CRF based labeler are good cues for im-
portant sentence extraction. Although we used a binary
feature as to whether a sentence was labeled by a CP la-
beler or not in [6], we use the number of CP labeled by
the CP labeler in this paper.

In speech summarization, we can use prosodic information
in addition to linguistic ones, and we can improve speech sum-
marization by using prosodic information [12]. The prosodic
features that we use are listed below.

Duration: The duration for each sentence is used.
Power and F0: Power and F0 of each sentence are derived by

using ESPS [16]. We use the averages of these items in
a sentence as features.

Rate of utterance: The rate of utterance (ROU) of each sen-
tence is also used. The ROU for sentence i is computed
as follows:

ROU(i) =

P

w∈Si
mora(w)

duration(i)
, (4)

where mora(w) means the number of mora in w and
duration(i) is the duration of sentence i.

Pause: The durations of pauses between previous and current
sentences, and between current and post ones are used.

3.2.2. Normalization and discretization

The range in raw value of each feature might differ depending
on each lecture, thus all the features were normalized to have
mean and standard deviation of 0 and 1, respectively, for each
lecture as follows:

fj
norm(i) =

fj(i) − meanj

stdj
, (5)

where fj(i) means the raw value of feature j derived from sen-
tence i, and meanj and stdj are the mean and standard devia-
tions of the values of feature j for all the sentences in a lecture.

We used a discretized value of fj
norm(i), which is the

same as in [17]. All normalized feature values are represented
by div Boolean variables. A normalized feature, which has
a minimum value minj and a maximum value maxj , is dis-
cretized as below:

fj
disc(i) = rounddown

„

fj
norm(i) − minj

maxj − minj
· div

«

, (6)
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where rounddown is a round-down function after the deci-
mal point. According to fj

disc(i), we can obtain div Boolean
variables. In the experiment, we used div = 5. For example,
fj

disc(i) = 1 is represented by “01000”, and fj
disc = 3 is

represented by “00010”.

3.2.3. Classifier

Before discretization, we combined all the features to represent
correlations between features, since overfitting appears when
using a complex kernel for an SVM after discretization on our
small corpus. In the experiment, we used all the possible com-
binations between the arbitrary features and the second power
of each feature in addition to the original features. The score of
sentence i is calculated as below:

Score(Si) = wx + b , (7)

where w is a vector of the weights for combined features, x is
a vector of the values of combined features, and b expresses a
bias. w and b are estimated using an SVM, which classifies x
based on the margin maximization. To train w and b, we use
svmperf [18].

4. Proposed Methods
4.1. Summarization taking into account consecutiveness of
important sentences
As shown in Section 2.3, there is a consecutiveness of important
sentences. Thus, in addition to the features described in Section
3.2.1, we use two features to deal with the consecutiveness: dy-
namic and difference features. The dynamic feature concerns
the decisions made in the previous extraction, and the differ-
ence feature deals with the difference between the current and
previous feature values.

4.1.1. Dynamic feature

Since important sentences tend to be consecutively extracted,
the decision made for the previous sentence might be useful as
a feature. Therefore, we just use the decision for the previous
sentence as a dynamic feature, which has two Boolean values.
The dynamic feature vector for sentence i is determined as fol-
lows:

dynamic(i) =

(

10 if Si−1 is extracted.
01 else.

(8)

4.1.2. Difference feature

The adjacent sentences in a block of important ones should have
similar feature values to each other, and therefore, there should
be a larger difference in the feature values between an impor-
tant sentence and an unimportant one. Therefore, we use the
difference between the current and previous feature values. The
difference feature diffi,j for feature j from sentence i is com-
puted as follows:

diffi,j = fj(i) − fj(Si−1). (9)

4.1.3. Search

Since decision for the extraction of a certain sentence depends
on the decisions for the other sentence, we cannot make the de-
cision sentence-by-sentence. We assume that current decision
making depends on only the previous decision, and thus we can
obtain the sequence that has the highest score from all the hy-
potheses using a dynamic programming technique as follows:

g0(i, j) = max

(

g0(i − 1, j)

g1(i − 1, j)
(10)

g1(i, j) = max

(

g0(i − 1, j − 1) + score(i|0)

g1(i − 1, j − 1) + score(i|1),
(11)

where i is a current sentence number and j is the number of
already extracted sentences. g1(i, j) and g0(i, j) are the best
scores when sentence i is extracted or not and when j sentences
have already been extracted. score(i|1) and score(i|0) are the
local scores of sentence i when a previous sentence i − 1 is ex-
tracted or not, respectively, and those are computed by Equation
(7).

4.2. Feature-based summarization concerning global re-
dundancy
In Section 4.1, we proposed a method which takes into account
context information, although it does not take into account a
redundancy in a summarization. In this section, we propose an
extraction method that takes into account the global redundancy
over the entire summarization. To cope with this problem, we
incorporate the redundancy criterion of MMR into the feature-
based summarization.

4.2.1. Redundancy Feature

The second term of Equation (1) represents the redundancy of
already extracted sentences. We use the redundancy as a new
feature. Given a document and the important sentences imp
in the document, the redundancy feature rdun for sentence i is
calculated as follows:

rdun(i) = Sim(Si, Imp), (12)

Imp =

8

<

:

P

S∈imp−Si
S

|imp | if Si is important sentence.
P

S∈imp S

|imp | else,
(13)

where Sim is a cosine similarity. We assume the redundancy
feature eliminates the redundancy throughout the entire summa-
rization.

4.2.2. Search

Since our redundancy modeling assumes a global dependency
over the entire summarization, it is intractable to find the best
sequence from all the hypotheses. Thus, we use a beam search
and replace imp in Eq. (13) with an average vector of the
already-extracted sentences. In the experiment, we examine the
beam width of 30 for each g(i, j) from Equations (10) and (11).

5. Experiments
5.1. Setups
For MMR, we estimated the λ in Equation (1), which yields the
best κ value from all the documents, i.e. λ is estimated under a
closed condition. In the experiments, λ = 0.6 is used.

For feature-based extraction, a 4-fold cross validation is
used to evaluate the summarization performance. Thus, when
using the lectures given by one professor, the lectures given by
the other three are used as training data to train w and b in Equa-
tion (7).

5.2. Evaluation Metrics
It is a non-trivial task to find the best summarization metrics. In
this paper, we used κ-value [19] , F -measure, and a Rouge [20]
metric to measure the summarization performance. These are
defined as follows:
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Table 3: Summarization result
Trn. Condition κ F Rouge-4

Manual

MMR 0.342 0.511 0.625
Conventional features 0.382 0.544 0.692
+ 1© 0.384 0.545 0.693
+ 2© 0.394 0.552 0.706
+ 1© + 2© 0.401 0.558 0.711
+ 1© + 2© + 3© 0.404 0.560 0.711

ASR

MMR 0.338 0.508 0.627
Conventional features 0.381 0.543 0.689
+ 1© 0.384 0.545 0.691
+ 2© 0.381 0.542 0.694
+ 1© + 2© 0.395 0.553 0.702
+ 1© + 2© + 3© 0.391 0.550 0.699

Human 0.469 0.597 0.695
> Conventional features are all features described in Section 3.2.1. 1©, 2©, and

3© denote a dynamic feature, a difference feature, and a redundancy feature,
respectively.

κ-value: the κ-value is a measure that adjusts the agreement
frequency of judgments by two subjects in consideration
of a chance agreement.

F -measure: The F -measure is defined as the harmonic aver-
age of the precision and recall.

ROUGE-N: ROGUE-N is an N-gram co-occurrence rate be-
tween a candidate summary and a set of reference sum-
maries. In this paper, we use N= 4.

5.3. Results
Table 3 shows the experimental results, which compare the
summarization results among several conditions. A feature-
based approach that uses only conventional features is signif-
icantly superior to an MMR approach in both manual and ASR
transcriptions, while the λ for MMR is estimated under a closed
condition. This result is different from the ones presented by
[14] or [5], where MMR outperformed the feature-based sum-
marizer. This is mainly caused by the difference in domains in
each corpus. Since lectures using slides are usually conducted
according to the slides, they might have less redundancy than
meeting recordings or broadcast news.

When using either the dynamic or difference feature in ad-
dition to the conventional features, only slight gains can be
made. However, by using both the dynamic and difference fea-
tures simultaneously with the conventional ones, the obtained
result shows more improvement than a result when using only
one of these features. It seems that the dynamic and difference
features are complementary to each other. The difference fea-
ture emphasizes the contiguous sentences as a block and the
dynamic feature chunks those sentences together. The bottom
line of each transcript shows the result with the redundancy fea-
ture. We could see a slight improvement when using a manual
transcript, while we could not obtain any improvement when
using an ASR transcript. We need further investigation of how
to deal with the redundancy. The best results in Table 3 for each
transcript are still inferior to the human summarization (subject-
man3/5) by κ-value and F -measure, while those are closer to
the results from the inter-subjects evaluations described in [12].
When evaluated by ROUGE-4, the results are quite comparable
to those from a human summarization. In each case, the results
for each transcript are very comparable. This prove that our
summarizer is robust to ASR error.

6. Conclusion
In this paper, we proposed a novel sentence extraction method
that effectively deals with the consecutiveness of important sen-
tences that is based on SVM using the dynamic and difference
features. The dynamic feature takes into account the previous
decision of extraction, and the difference feature is a difference
between the current and previous feature values. By using both

the dynamic and difference features simultaneously, we could
obtain better results than those from MMR and those using only
conventional features. We also adopted the redundancy feature,
and we could obtain slight improvement on manual transcripts.

In the future, we will search for a method that deals with
redundancy better, and aim to use more complex contextual in-
formation, such as coreference or the long distance correlation
beyond the shallow consecutiveness of important sentences that
were dealt with in this paper.

7. References
[1] J. Glass, T. J. Hazen, L. Hetherington, and C. Wang. Analysis and

processing of lecture audio data; preliminary investigations. In
Proceedings of the HLT-NAACL 2004, pp. 9–12, 2004.

[2] L. Lamel, G. Adda, E. Bilinski, and J. L. Gauvain. Transcribing
lectures and seminars. Interspeech, pp. 4–8, September 2005.

[3] X. Zhu and G. Penn. Summarization of spontaneous conversa-
tions. Interspeech, pp. 1531–1534, September 2006.

[4] Y. Chen, H. Chiu, H. Wang, and B. Chen. A unified probabilistic
generative framework for extractive spoken document summariza-
tion. Interspeech, pp. 2805–2808, August 2007.

[5] R. Daniel and D. Martins. Extractive summarization of broadcast
news: Comparing strategies for European Portuguese. In TSD,
Vol. 4629, pp. 115–122. Springer, September 2007.

[6] Y. Fujii, N. Kitaoka, and S. Nakagawa. Automatic extraction of
cue phrases for important sentences in lecture speech and auto-
matic lecture speech summarization. Interspeech, pp. 178–181,
August 2007.

[7] B. Kolluru, H. Christensen, Y. Gotoh, and S. Renals. Explor-
ing the style-technique interaction in extractive summarization of
broadcast news. IEEE ASRU Workshop, 2003.

[8] S. Maskey and J. Hirschberg. Summarizing speech without text
using hidden Markov models. In Proceedings of the HLT-NAACL
2006, pp. 89–92. ACL, June 2006.

[9] J. Zhang, H. Y. Chan, P. Fung, and L. Cao. A comparative study
on speech summarization of broadcast news and lecture speech.
Interspeech, pp. 2781–2784, August 2007.

[10] M. Tsuchiya, S. Kogure, H. Nishizaki, K. Ohta, and S. Nakagawa.
Developing corpus of Japanese classroom lecture speech contents.
LREC, 2008. (to appear).

[11] A. Kai, Y. Hirose, and S. Nakagawa. Continuous speech recogni-
tion using segmental unit input hmms with a mixture of probabil-
ity density functions and context dependency. ICSLP, pp. 2935–
2938, 1998.

[12] S. Togashi, M. Yamaguchi, and S. Nakagawa. Summarization of
spoken lectures based on linguistic surface and prosodic informa-
tion. IEEE/ACL Workshop on Spoken Language Technology, pp.
34–37, December 2006.

[13] J. Carbonell and J. Goldstein. The use of mmr, diversity-based
reranking for reordering documents and producing summaries. In
Proc. ACM SIGIR, pp. 335–336, 1998.

[14] G. Murray, S. Renal, and J. Carletta. Extractive summarization of
meeting recording. Interspeech, pp. 593–596, 2005.

[15] Y. Matsumoto, A. Kitauchi, T. Yamashita, Y. Hirano, H. Matsuda,
K. Takaoka, and M. Asahara. Morphological Analysis System
ChaSen 2.3.3 Users Manual. Nara Institute of Science and Tech-
nology, http://chasen.naist.jp/hiki/ChaSen/, 2003.

[16] entropic speech technology. ESPS Manual Pages:
http://www.ee.uwa.edu.au/∼roberto/research/speech/local/
entropic/ESPSDoc/ma npages/indexes/, 1998.

[17] T. Hirao, H. Isozaki, E. Maeda, and Y. Matsumoto. Extracting
important sentences with support vector machines. Proceedings
of COLING, pp. 342–348, 2002.

[18] T. Joachims. Training linear SVMs in linear time. In Proceed-
ings of the ACM Conference on Knowledge Discovery and Data
Mining (KDD), pp. 217 – 226, 2006.

[19] J. L. Fleiss. Measuring nominal scale agreement among many
rater. Psychological Bulletin, Vol. 76, pp. 378–382, 1971.

[20] C. Lin and E. Hovy. Automatic evaluation of summaries using n-
gram co-occurrence statistics. the Human Language Technology
Conference, pp. 71–78, 2003.

2441


