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ABSTRACT Recently automatic speech segmentation has gained more atten-
tion as more language applications start to deal with speech input.
This paper investigates the impact of automatic sentence segmentghe effect of speech segmentation has been examined for several
tion on speech summarization using the ICSI meeting corpus. Wgsks, such as translation and parsing [4, 5]. In [5], experimental
use a hidden Markov model (HMM) for sentence segmentation thglesults showed that the best decision when optimizing sentence seg-
integrates the N-gram language model and pause information, angentation itself is different from that optimized for the downstream
a maximum marginal relevance (MMR) based extractive summagnguage processing tasks (parsing in that case). To our knowledge,
rization method. The system-generated summaries are comparedtids kind of study has not been performed for the speech summa-
multiple human summaries using the ROUGE scores. The decisiofization task. In addition, meetings differ from other domains such
thresholds from the segmentation system are varied to examine thg proadcast news or lectures used in some prior studies in several
impact of different segments on summarization. We find that (14imensions (e.g., multiple speakers, conversational style), raising
using system generated utterance segments degrades summarizatigstions about whether sentence segmentation has a different im-
performance compared to using human annotated sentences;<2) Sg@ict on summarization. The goal of this paper is thus to better link

mentation needs to be optimized for summarization instead of thgutomatic sentence segmentation and summarization of meetings.
segmentation task itself, however, the patterns are slightly different

from prior work for other tasks such as parsing; and (3) there are 2. DATA
effects from different summarization evaluation metrics as well a

speech recognition errors. %Ne used the ICSI meeting data [6], which contains 75 naturally-

occurring meetings, each about an hour in length. These meetings

Index Terms— meeting summarization, sentence segmentationhave been transcribed, and annotated with dialog acts (DAs) [7], top-
ROUGE, MMR. ics, and abstractive and extractive summaries [1]. Note that the def-
inition of sentences is not clear for conversational speech like in the
meeting domain. We use the DA information in the corpus as the
sentence boundary annotation.

Speech summarization is an effective technique to help browse the Following the set up in [1, 2], we used the same 6 meetings as

large volume of audio data. Even though significant progress halde test set. These meetings have multiple human summaries, 3 of
been made in text summarization in the past decades, when applyhich (the three common annotators for these meetings) are used
ing text summarization techniques to spoken language, in particul&#S the reference summaries for each meeting in our experiments.
the multiparty meeting domain, many problems arise because of thE€ Kappa statistics [8] among the 3 annotators varies from 0.211 to

significant style differences in written text and spoken language, foP-345 for different meetings (humans generally do not have a high

example, the lack of punctuation marks, the presence of disflueriréement when creating summaries, even for text summarization).
cies and many speakers with possible speech overlap. In this papdfe length of the human summaries varies among the annotators
our focus is on one kind of structural information in speech, tha@nd the meetings as well. The average percentage of the DAs and
is, sentences. The sentence structure is essential to enrich sped@f words selected in the human generated summaries is 6.5% and

recognition output, making it easier to use for downstream languagé3-5% respectively. There was no strict rule on the summary length
processing tasks, such as machine translation and summarization. when these annotators created the extractive summaries. See [1] for

gore information on summary annotation.

1. INTRODUCTION

Different approaches and rich feature sets have been recently d
veloped for meeting summarization (such as [1, 2]). However, m_ost 3. SENTENCE SEGMENTATION
of the approaches used human annotated sentence segments in hu-
man transcriptions, or aligned them to recognition output, insteadentence segmentation is an important component in spoken lan-
of using automatic segmentation. These are not the real scenariguage processing, and thus has received increasing attention, such
Mrozinski et al. [3] studied the effect of automatic sentence segmeras the sentence-like unit detection task in Rich Transcription (RT)
tation on speech summarization in the domain of broadcast newavaluation in the recent DARPA EARS program, and the study of
and lecture, and found that system-generated sentence segmentatising automatic sentence segmentation for spoken language trans-
degrades summarization performance; yet they simply generatedlation in the DARPA GALE program. Many approaches have been
hard decision in sentence segmentation and used that in speech suaveloped for sentence boundary detection, including HMM, max-
marization. Whether such segments are optimal for the subsequeimium entropy, conditional random fields, and Boostexter. These
speech summarization task is the question this paper is aiming teave been tested in various domains, e.g., conversational telephone
address. speech, broadcast news speech, as well as meetings [9, 10]. Unlike



the prior work on sentence segmentation, this paper focuses on itedundancy in the summaries. The MMR score for a sentSnce

effect on a downstream task, rather than evaluating segmentation by

itself. Score(Si) = A x sim(S;, D) — (1 — X) * sim(S;, SUM) (2)
In this paper, we use the HMM segmentation approach. For a

given word sequencl/, the task is to determine whether there is a

DA boundary after each word. The most likely DA sequehtean

be obtained as follows,

where D is the document vectolSU M contains those sentences
chosen in the current summary, aidbalances the relevance and
redundancy. The MMR approach iteratively selects summary sen-
tences. The units used in the MMR summarization systgnm(the
formula above) are either based on human annotation or automatic
_ argmaxP(W, E)P(P‘W E) DA segmentation.

E We use cosine similarity for the second similarity measure in Eq
|§2), defined as follows for two documenty andD-:

E = argmax P(E|W, P) 1)
E

where P represents the prosodic features. The transition probabi
ity in the HMM (resulting inP(W, E) in Eq (1)) is obtained from

L ! L ; t1itai
an N-gram language model (LM), which is trained by explicitly in- sim(D1, D2) = 2 (3)
cluding the DA boundary as a token in the vocabulary. The obser- VO TR RVIDN S

vation probabilityP (P|W, E) is approximated a® (P|E), and ob-

tained from a classifier based on the prosodic features, which cawheret; is the term weight for a worab;, for which we use TF-IDF

be properly normalized if the classifier's output is posterior prob-(term frequency and inverse document frequency). One widely use

abilities (i.e., P(E|P)). In practice, we apply a weighting factor method for IDF igog(N/n;), wheren; is the number of documents

when combining the transition and the observation probabilities. Weontainingw; in a collection of N documents. The first similarity

only use pause for the prosodic information, instead of using all thecore in Eq (2) is based on the centroid value of a sentence obtained

prosodic features as in [10], since our previous work has shown than MEAD [17], which only considers those words with a high TFIDF

adding additional features yields limited gain. The pause duration iscore. We calculated the IDF for each word using the 69 training

obtained using a state-of-the-art recognizer [11]. We split the tranmeetings, based on the human transcripts or ASR output respectively

scriptions into chunks based on speaker turns, and used them as floe the two different transcript conditions.

sequences in the HMM. This assumption of known speaker informa-  To select summaries, we used word-based selection (16% of the

tion is reasonable since it is readily available for the separate channelords), or sentence-based selection (4.2% of the sentences). Note

recording condition, or can be obtained from a speaker segmentatighat both methods use sentences as selection units in the MMR

system for the single microphone setup. approach—the only difference is the stopping criteria (i.e., whether it
The HMM approach is implemented using the SRILM toolkit is based on the number of sentences, or words, respectively).-Word

[12]. We first split the training data (69 meetings) and used 10% abased selection yields similar number of words in the summary (ex-

the development set to optimize parameters (e.g., the interpolatiarept the difference due to the last chosen sentence), no matter it

weight for the LM and the pause model). The LM is a 4-gram LM uses human DA annotations or automatic segmentation; whereas,

with Kneser-Ney interpolation smoothing, and the pause model ifor sentence-based selection, the total number of the segments is

a decision tree classifier. Then we retrained the LM and the pausdifferent when using different DA segments; therefore, there is no

prosody model using the entire training set. Note that for the speectuarantee of a similar summary length.

recognition (ASR) condition, we trained the models using the ASR

output of the training set. During testing, using a forward-backward

decoding approach in the HMM, we obtained a posterior probabil- 5. EXPERIMENTS

ity (or confide_nce) of having a segment b_oyndary at each interwprglll Performance Measurement

boundary. This allows us to vary the decision threshold to examine

the impact of different segmentation on summarization. The sentence segmentation performance is evaluated using the seg-
mentation error rate, defined as the number of inserted and deleted
4. SUMMARIZATION APPROACH sentence boundaries divided by the total number of DAs in the test
Our task is generic extractive summarization, that is, the system s&et. This is similar to that used in the NIST Rich Transcription eval-
lects the important sentences in the transcripts to include in the surttation for metadata (sentence boundary, disfluency) extrattion.
mary, without any compaction or rewriting. Unlike text-based sum-  We use the ROUGE [18] package for summarization evaluation.
marization where dealing with redundant or conflicting information It compares the system generated summary to the reference sum-
is quite important, we believe that extractive speech summarizatiomaries, and reports recall, precision, and F-measure results for var
is appropriate for applications such as meeting browsing, where theus matches (e.g., N-gram, skip bigram). Multiple reference sum-
goal is to identify the salient segments for easy information accessmaries are allowed in ROUGE. We use the same options as those in
There has been a great effort on text summarization for bottthe DUC text summarization evaluations (i.e., with the porter stem-
single document and multi-document summarization (for exampleming, no stop words) [13]. In a preliminary study, we observed bet-
the annual Document Understanding Conferences [13]). Difterenter correlation of ROUGE scores with human evaluation when using
approaches have also been developed for speech summarization fli¢ R-SU4 score (skip bigram plus unigram), therefore, we will re-
2,14, 15]. We choose to use the maximal marginal relevance (MMRport the unigram match scores, R-1, as well as R-SU4 in this study.
[16] approach because of its simplicity and effectiveness. It is not a

statistical learning approach and does not require any training data. 1see http://www.nist.gov/speechitests/rt/rt2004fadiéx.htm for more
It extracts the most relevant sentences and at the same time avoid&rmation.




Summarization results
decision DA average| number of word-based sentence-based
threshold | error rate % | DA len. DA seg. R-1 R-SU4 R-1 R-SU4
recall | F-measure| F-measure| recall [ F-measure| F-measure| avg. len. | % of words
0.05 68.63 4.7 12735 70.25 67.89 39.95 69.55 67.62 40.15 16.6 15.1
0.1 51.31 5.4 10921 71.33 68.39 41.3 73.28 68.48° 41.7 20.9 16.3
0.2 39.35 6.3 9353 71.78 68.44 40.16 74.81 68.19 40.96 25.4 17.0
0.3 34.22 7.0 8454 72.68 69.08 415 76.47 68.19 414 29.2 17.7
0.4 32.19 7.5 7884 72.92 68.85 41.7 78.31 68.03 42.16 32.8 18.5
0.5 31.20¢ 8.0 7371 72.47 68.59 41,7 78.85 67.62 42.3 35.9 18.9
0.6 31.35 8.6 6909 72.42 68.16 40.3 79.26 66.60 40.93 39.2 19.5
0.7 32.19 9.2 6444 72.41 68.10 39.98 80.66 65.85 40.78 445 20.6
0.8 34.36 10.0 5907 72.54 67.65 39.08 81.12 65.26 40.54 50.0 21.2
0.9 39.17 11.5 5152 72.59 67.56 38.51 82.29 64.05 39.53 60.6 224
[ ref. DA ] 0 [ 74 [ 7966 [ 7419] 7067 | 4568 [ 7547] 70.68 | 463 [ 287 ] 16.3 ]

Table 1. Results of DA segmentation and meeting summarization when varying the decision threshold from the automatic DA segmentation
output using human transcriptions. The last row corresponds to using the human annotated DA segments. The best results are marked with *
associated with the scores.

5.2. Segmentation and Summarization Results that sentence-based selection yields higher R-SU4 skip-bigram score
but lower R-1 unigram scores.

We first evaluate the impact of DA segmentation on summarization Next we evaluate the impact of DA segmentation using ASR

using human transcripts to avoid the effect from recognition errorsoutput. Figure 1 shows the segmentation and summarization results

Table 1 shows the segmentation performance and summarization fghen varying the decision threshold from the DA segmentation out-

sults obtained by varying the threshold from the HMM-based DAput. We notice that there is degradation due to the use of ASR out-

segmentation output. The ROUGE summarization results are showgut, and that the patterns are in general similar to those in Table 1

for both word- and sentence-based selection. We also show the avéri-the sense that the best segmentation output may not be the best

age length of the DAs yielded from different segmentation thresholdor summarization. In addition, there is some difference compared

for the entire test set, as well as in the selected summaries. The bastusing human transcripts. For example, sentence-based extraction

results for segmentation and summarization (using F-measure) afe slightly worse than the word-based selection using both metrics.

marked with* in the table. For comparison, results using humanThis might be because DA segmentation yields inappropriate seg-

annotated DA segments are also included in Table 1 (the last row).ments using ASR output which affects more sentence-based sum-
We observe that using automatic DA segmentation (no matmary selection.

ter what the thresholds are) degrades summarization performance

compared to using human annotations. This difference is more no-

ticeable when using R-SU4 score. In [5], it is clear that the opti-

mal thresholds for parsing and sentence segmentation are differer| o %
— generally shorter segments are preferred for parsing. However, R-1word
even though overall shorter segments are preferred for summariza] % | T
tion (than those optimized for the segmentation task), the trend is noj £ R-1 sentence =
as clear as for the parsing task. In addition, the pattern is different fon §o5 + 65 ?g
different evaluation metrics. We can see from Table 1 that based ol g
the R-1 scores, the best segmentation threshold is not necessarily th §0_4 DA error rate lss 3
best for the summarization task, especially for the sentence-base|2 3
selection scenario, but that the best threshold for sentence segme | S22 s
tation is about the same as for summarization using the R-SU4 med R.SU4 sentence
sure.

There is a difference between the results for word- and sentence| 2 01 02 03 04 05 06 07 08 09 %
based selection. The larger threshold results in longer segments, threshold

however, because of the frequent short DAs in meetings (e.g.,
backchannels), the total nhumber of segments obtained from dif-

ferent segmentation does not change that significantly. Thereforg;ig 1. pA segmentation error rate (right Y-axis) and ROUGE F-
sentence-based selection (choosing a certain percent of the Segeagre scores (left Y-axis) for word- and sentence-based summary

ments) tends to generate more sentences and words (last columngfection when varying the DA segmentation decision threshold us-
Table 1) in the summaries than word-based selection. This typically,g ASR output.

yields better recall rate. In addition, comparing the average length

of the DAs in the entire set versus those selecte_d in the summaries N3 Discussions

Table 1, we also notice that they are not proportional—the sentences

in the summaries are relatively longer. Different metrics also haveMost of the previous work on meeting summarization used human
an impact on word- and sentence-based summarization. We obseraanotated segments, therefore we cannot compare our results to
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