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ABSTRACT

This paper presents automatic speech summarization tech-
niques and its evaluation metrics, focusing on sentence

extraction-based summarization methods for making abstracts

from spontaneous presentations. Since humans tend to sum-
marize presentations by extracting important sentences from

introduction and conclusion parts, this paper proposes a method

using sentence location. Experimental results show that the
proposed method significantly improves automatic speech
summarization performance for the condition of 10% sum-
marization ratio. Results of correlation analysis between
subjective and objective evaluation scores confirm that ob-
jective evaluation metrics, including summarization accu-
racy, sentence F-measure and ROUGE-N, are effective for
evaluating summarization techniques.

1. INTRODUCTION

One of the major applications of automatic speech recog-
nition is for transcribing spontaneous speech documents,
such as presentations, lectures and interviews. Compared
to speech read from a text such as in broadcast news ut-
terances, recognition accuracy for spontaneous speech is
still limited (60-80%) [1]. Recognition errors cause tran-
scriptions obtained from spontaneous speech to include ir-
relevant or incorrect information. In addition, spontaneous
speech is ill-formed and usually includes redundant infor-
mation such as disfluencies, fillers, repetitions, repairs, and
word fragments. Therefore, simple transcription is unusable
because of lengthy expressions, and the processes of remov-
ing incorrect information and extracting important informa-
tion are necessary for transcribing spontaneous speech.

Automatic speech summarization is one approach to-
ward accomplishing this goal. Speech summarization is
also expected to reduce time needed for reviewing speech
documents and improve the efficiency of document retrieval.
Thus speech summarization technology is expected to play
an important role in building various speech archives in-
cluding broadcast news, lectures, presentations, and inter-
views.

Summarization and question answering (QA) perform
similar tasks, in that they both map an abundance of infor-
mation to a (much) smaller piece which is then presented
to the user. Therefore, speech summarization research will
help the advancement of QA systems using speech docu-
ments. By condensing important points of long presenta-
tions and lectures and presenting them in a summary speech,
the system can provide the listener with a valuable means
for absorbing more information in a much shorter time.

Speech summarization has a number of significant chal-
lenges that distinguish it from general text summarization.
Applying text-based technologies [2] to speech is not al-
ways workable and often they are not equipped to capture
speech specific phenomena [3][4]. One fundamental prob-
lem with the speech summarization is that they contain speech
recognition errors and disfluencies.
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Fig. 1. The two-stage automatic speech summarization pro-
cess consisting of sentence extraction and compaction.

We have proposed a two-stage summarization method
consisting of important sentence extraction and word-based
sentence compaction, as shown in Figure 1 [5].After remov-
ing all the fillers based on speech recognition results, a set



of relatively important sentences is extracted, and sentence
compaction is applied to the set of extracted sentences. The
ratio of sentence extraction and compaction is controlled ac-
cording to a summarization ratio initially determined by the
user. The summarization ratio is defined by the ratio of
the number of words in the summary to that in the origi-
nal speech. Sentence and word units are extracted from the
speech recognition results and concatenated for producing
summaries so that they maximize the weighted sum of lin-
guistic likelihood, amount of information, confidence mea-
sure, and grammatical likelihood of concatenated units. The
proposed method has been applied to summarization of broad-
cast news utterances as well as unrestricted-domain spon-
taneous presentations and has been evaluated by objective
and subjective measures. It has been confirmed that the
proposed method is effective in both English and Japanese
speech summarization.

We have investigated the above-mentioned speech sum-
marization technique mainly focusing on relatively high sum-
marization ratios, such as 30% to 70%. However in various
applications including making abstracts, summarization at
lower summarization ratios, such as 10%, is needed. In our
previous research, it has been confirmed that sentence ex-
traction plays an important role in improving summariza-
tion performance, especially when the summarization ratio
is relatively low.

This paper investigates and evaluates sentence extraction-
based speech summarization techniques for Japanese pre-
sentations under the condition of 10% summarization ratio.
This paper also assesses various objective evaluation met-
rics in comparison with summaries made by human sub-
jects. Although various metrics of objectively evaluating
summarization techniques have been investigated (e.g. [6]),
they have not yet been assessed in the framework of speech
summarization.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces sentence extraction methods investigated
in this paper, Section 3 presents objective evaluation met-
rics, and Section 4 describes experimental conditions and
results. Finally, Section 5 concludes the paper.

2. SENTENCE EXTRACTION METHODS

2.1. Extraction using a significance score

A method for extracting important sentences according to
linguistic, significance and confidence scores of each sen-
tence has been investigated at 50% and 70% summariza-
tion ratios [5]. Since the significance score has proved ex-
tremely useful for summarization, this paper investigates a
sentence extraction method simply using the significance
score. Specifically, for each sentence obtained by speech
recognition, W = wj,ws,...,wy, the following score is

measured:
1 N
Score(W) = + > I(wn) )
n=1

where N is the number of words constructing the sentence
W, and I(w) is the significance score defined by Eq. 2
which is similar to a tf/idf measure.

I(w) = fu - icf = fu - log 1A @
w

Here, f,, is the number of occurrences of a word w in all
the utterances in the presentation, F,, is the number of oc-
currences of w in a large corpus, and F 4 is the number of
all content words in the corpus. The significance score is
calculated only for content words (nouns and symbols) and
that for non-content words is set to zero based on the results
of our preliminary experiments. I(w) is used instead of the
tf/idf measure, since the former score yielded better perfor-
mance than the latter score in our experiments on topic ex-
traction [7]. A fixed number of sentences having relatively
high significance scores are selected.

In this paper, spontaneous presentations included in the
Corpus of Spontaneous Japanese (CSJ) are used in the ex-
periments. In order to measure the significance score, the
number of occurrences of 50k kinds of words in the CSJ,
consisting of transcribed presentations with 8M words, is
computed.

2.2. Extraction using latent semantic analysis

Extraction using latent semantic analysis is one of the sum-
marization techniques based on Singular Value Decompo-
sition (SVD) [8]. The SVD semantically clusters content
words and sentences, and derives a latent semantic structure
for a presentation speech. The results of applying the SVD
to each presentation is shown in Figure 2. The target matrix
A represents the presentation speech, and the element a j; of
A is calculated as follows:

aji = fji - icf €))

where f;; is the number of occurrences of a content word j
(j < J)insentencei (i < I < J).

Each singular vector represents a salient topic. The sin-
gular vector with the largest corresponding singular value
represents the topic that is the most salient in the presenta-
tion speech. Therefore, a fixed number of singular vectors
having relatively large singular values are selected, and for
each singular vector, a sentence having the largest index is
extracted as an important sentence. The extracted sentences
best describe the topics represented by the singular vectors.
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(SVD) to each presentation.

2.3. Extraction using dimension reduction based on SVD

Extraction using dimension reduction is another summa-
rization technique based on the SVD. As shown in Figure
3, each sentence vector A; is projected onto a weighted
singular-value vector space. For evaluation of each sentence
i, the score of each sentence is calculated by the norm in
lower (K < I) dimensional space:

Score(i) = [|¥i]| = @

K
Z(Uk’vik)z
k=1

A fixed number of sentences having relatively large scores
in the K -dimensional space are selected. K is experimen-
tally set at 5 in this paper.
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Fig. 3. Dimension reduction process using the results of
SVD.

2.4. Extraction using sentence location

Figure 4 shows the ratio of extracted sentences as a function
of sentence location in the presentation for manual sum-
marizations with 10% and 50% summarization ratios car-
ried out by three human subjects. 169 presentations were
used in the analysis. Each presentation was split into 10
segments having approximately equal number of sentences.
This result shows that human subjects tend to extract sen-
tences from the first (introduction) and the last (conclusion)
segments under the condition of 10% summarization ratio,
whereas there is no such tendency at 50% summarization
ratio.
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Fig. 4. Sentence extraction ratio in manual summarization
as a function of sentence location in the presentation.

These results prompted investigating sentence extrac-
tion using sentence location for the case of 10% summariza-
tion ratio, focusing on the introduction and conclusion seg-
ments, as shown in Figure 5. The introduction and conclu-
sion segments are estimated based on the Hearst method [9]
using sentence cohesiveness. The cohesiveness is measured
by a cosine value between content word-frequency vectors
consisting of more than a fixed number of content words.
Each segmentation boundary is the first sentence from the
beginning or end of the presentation speech, where cohe-
siveness becomes lower than a preset threshold. This ex-
traction method is used in combination with the sentence
extraction methods described above.
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Fig. 5. Principle of sentence extraction from estimated in-
troduction and conclusion segments in each presentation.

3. OBJECTIVE EVALUATION METRICS

Since it is impossible to always have human evaluation of
automatic summarization results, it is indispensable to de-
velop objective evaluation metrics.

3.1. Summarization accuracy

Since manual summaries vary according to human subjects,
all the human summaries are merged into a single word net-
work, which is considered to approximately cover all pos-



sible correct summaries. Word accuracy of the automatic
summary is then measured as a summarization accuracy
SumACCY [10] in comparison with the closest word string
extracted from the word network.

This metric works reasonably well at relatively high sum-
marization ratios such as 50%, but has problems at low
summarization ratios such as 10%, since the variation be-
tween manual summaries is so large that the network ac-
cepts inappropriate summaries. Therefore, we investigated
word accuracy obtained by individually using the manual
summaries (SUMACCY-E). In this metric, the largest score
of SUMACCY-E among human summaries (SUmACCY-
E/max) or the average score of SUMACCY-E (SumACCY-
E/ave) is used. SumACCY-E/max is equivalent to the
NrstACCY score proposed in [10].

3.2. Sentence recall/precision

Sentence recall/precision is commonly used in evaluating
sentence-extraction-based text summarization. Since sen-
tence boundaries are not explicitly indicated in input speech,
estimated boundaries based on recognition results do not al-
ways agree with those in manual summaries. In[11], extrac-
tion of a sentence in the recognition result is considered as
extraction of one or multiple sentences in the manual sum-
mary with an overlap of 50% or more words. In this metric,
sentence recall/precision is measured by the largest score
(F-measure/max) or the average score (F-measure/ave)
of the F-measures.

3.3. ROUGE-N

ROUGE-N is an N-gram recall between an automatic sum-
mary and a set of manual summaries [6]. ROUGE-N is
computed as follows:

ZSGSH ZgnES Cn(gn)
ZSGSH Zgnes C(gn)

where Sg is a set of manual summaries, S is an individual
manual summary, g,, is an N-gram, C(g,,) is the number of
gn’s in the manual summary, and Cy,(gy,) is the number of
co-occurrences of g, in the manual summary and the auto-
matic summary. In our experiments, 1-grams, 2-grams, and
3-grams were examined.

ROUGE-N =

®)

4. EXPERIMENTS

4.1. Experimental conditions

30 presentations by 20 males and 10 females in the CSJ
were automatically summarized at 10% summarization ra-
tio. Mean word recognition accuracy was 69%. In order to

automatically extract important sentences, sentence bound-
aries in the recognition results were automatically deter-
mined using language models, which achieved 72% recall
and 75% precision. The technique of extracting sentences
according to sentence location (IC) was combined with each
of the three sentence extraction methods described in Sub-
sections 2.1, 2.2 and 2.3. Thus, the following six summa-
rization methods were evaluated: extraction using a signif-
icance score (SIG); latent semantic analysis (LSA); dimen-
sion reduction based on SVD (DIM); SIG combined with
IC (SIG+IC); LSA combined with IC (LSA+IC); and DIM
combined with IC (DIM+IC).

4.2. Subjective evaluation

In order to establish criteria for evaluating automatic sum-
mary, 180 automatic summaries (30 presentations x 6 sum-
marization methods) were evaluated by 12 human subjects.
The summaries were evaluated in terms of ease of under-
standing and appropriateness as summaries in five levels: 1-
very bad; 2-bad; 3-normal; 4-good; 5-very good. The sub-
jective evaluation results were converted into factor scores
using factor analysis in order to normalize subjective differ-
ences.

4.3. Subjective evaluation results

Figure 6 shows the normalized subjective score for each
summarization method averaged over 30 presentations. By
combining the IC method using sentence location, every
summarization method was significantly improved. SIG+IC
achieved the best score, but the difference between SIG+IC
and DIM+|C was not significant at the 5% significance level.
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Fig. 6. Subjective evaluation results represented by the nor-
malized score.

4.4. Correlation between subjective and objective eval-
uation results

In order to investigate the relationship between subjective
and objective evaluation results, the automatic summaries
were evaluated by eight objective evaluation metrics:



SumACCY, SumACCY-E/max, SumACCY-E/ave, F-
measure/max, F-measure/ave, ROUGE-1, ROUGE-2,
and ROUGE-3.

Table 1 shows correlation coefficients between subjec-
tive and objective evaluation scores averaged over all the
presentation speeches, and Figure 7 shows the results of re-
gression analysis. All the objective metrics yielded corre-
lation with human judgment. If the effect of word recog-
nition accuracy for each summarized sentence is removed,
all the metrics, except ROUGE-1, yield high correlations.
ROUGE-1 measures overlapping 1-grams, which probably
causes the correlation between ROUGE-1 and the recogni-
tion accuracy.

Table 1. Correlation with subjective evaluation results for
each objective evaluation metric. The evaluation scores
were averaged over all the presentations for each sentence
extraction method before calculating the correlation.

Objective metric Correlation coefficient
SumACCY 0.82
SumACCY-E/max 0.96
SumACCY-E/ave 0.92
F-measure/max 0.95
F-measure/ave 0.96
ROUGE-1 0.85
ROUGE-2 0.94
ROUGE-3 0.96

Table 2 shows the correlation between subjective and
objective evaluation scores for each presentation speech. The
results of regression analysis are shown in Figure 8. In con-
trast with the results averaged over all the presentations, no
metric has strong correlation. This is due to the large varia-
tion of scores over the whole set of presentations.

Table 2. Correlation with subjective evaluation results
for each objective evaluation metric. Individual evaluation
scores for the presentations were used in calculating the cor-
relation.

Objective metric | Correlation coefficient

SumACCY 0.35
SumACCY-E/max 0.38
SumACCY-E/ave 0.33
F-measure/max 0.47
F-measure/ave 0.50
ROUGE-1 0.43
ROUGE-2 0.48
ROUGE-3 0.48
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Fig. 7. Regression analysis for the relationships between
subjective and objective evaluation scores. The evaluation
scores were averaged over all the presentations for each
summarization method.

5. CONCLUSION

This paper has presented several sentence extraction meth-
ods for automatic presentation speech summarization and
objective evaluation metrics. We have proposed sentence
extraction methods using dimension reduction based on SVD
and sentence location. Under the condition of 10% summa-
rization ratio, it was confirmed that the method using sen-
tence location improves summarization results. The method
using a significance score or dimension reduction based on
SVD, combined with the sentence location-based extraction
method, achieved the best performance. Among the ob-
jective evaluation metrics, SUMACCY, SumACCY-E, F-
measure, ROUGE-2 and 3 were found to be effective. Al-
though the correlation between the subjective and objective
scores averaged over presentations is high, the correlation
for each individual presentation is not so high due to the
large variation of scores across presentations.

Future research includes applying the proposed summa-
rization methods to other languages and other tasks, such
as summarizing meetings and lectures at universities. We
have already attempted summarizing English presentations
at international conferences and obtained similar results to
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Fig. 8. Regression analysis for the relationships between
subjective and objective evaluation scores. Individual eval-
uation scores for the presentations were used.

that reported in this paper. Our next step is to combine
the sentence extraction methods with sentence compaction
methods under the condition of 10% summarization ratio
in the framework shown in Figure 1 and evaluate the over-
all performance. Future research also includes applying
these methods to speech-to-speech summarization [5], in
which summarization results are presented by speech in-
stead of text, and pursueing objective evaluation metrics
having higher correlation with subjective evaluation scores.

6. ACKNOWLEDGMENTS

This research has been supported by the 21st Century COE
Program “Framework for Systematization and Application
of Large-scale Knowledge Resources”.

7. REFERENCES

[1] T. Shinozaki and S. Furui, “Spontaneous speech
recognition using a massively parallel decoder,” Proc.
Interspeech 2004 - ICSLP, ThA20010.3 (2004)

[2] 1. Mani and M. T. Maybury (Ed.), “Advances in au-
tomatic text summarization,” MIT Press, Cambridge,
MA (1999)

[3] B. Kolluru, H. Christensen, Y. Gotoh and S. Renals,
“Exploring the style-technique interaction in extrac-
tive summarization of broadcast news,” Proc. IEEE
Workshop on ASRU, St. Thomas, pp. 495-500 (2003)

[4] H. Christensen, Y. Gotoh, B. Kolluru and S. Re-
nals, “Are extractive text summarization techniques
portable to broadcast news,” Proc. IEEE Workshop on
ASRU, St. Thomas, pp. 489-494 (2003)

[51 S. Furui, T. Kikuchi, Y. Shinnaka and C. Hori,
“Speech-to-text and speech-to-speech summarization
of spontaneous speech,” IEEE Trans. Speech and Au-
dio Process., 12, 4, pp. 401-408 (2004)

[6] C.-Y. Lin, “Looking for a few good metrics: ROUGE
and its evaluation,” Working Notes of NTCIR-4 (Vol.
Supl. 2), pp. 1-8 (2004)

[7] K. Ohtsuki, S. Furui, A. Iwasaki and N. Sakurai,
“Message-driven speech recognition and topic-word
extraction,” Proc. ICASSP, pp. 625-628 (1999)

[8] Y. Gong and X. Liu, “Generic text summarization us-
ing relevance measure and latent semantic analysis,”
Proc. SIGIR, pp. 19-25 (2001)

[9] M. A. Hearst, “TextTiling: Segmenting text into multi-
paragraph subtopic passages,” Computational Lin-
guistics, 23, 1, pp. 33-64 (1997)

[10] C. Hori, T. Hirao and H. Isozaki, “Evaluation mea-
sures considering sentence concatenation for auto-
matic summarization by sentence or word extraction,”
Proc. ACL, pp. 82-88(2004)

[11] T.Kitade, H. Nanjo and T. Kawahara, “Automatic ex-
traction of key sentences from CSJ presentations using
discourse markers and topic words,” Proc. the Third
Spontaneous Speech Science and Technology Work-
Shop, pp. 111-118 (2004)



